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Abstract 

Cellular decision-making is a complex process that governs how cells respond to their 

environment, differentiate, or commit to specific fates. Understanding the mechanisms that drive 

these decisions is critical for advancing fields such as regenerative medicine, cancer research, and 

developmental biology. The ability to investigate cellular decision-making at the single-cell level, 

particularly through high-resolution technologies like single-cell RNA sequencing (scRNA-seq), 

opens new doors for dissecting the intricate regulatory networks that guide cell fate. With this 

information, we can better predict how cells transition between states, respond to external stimuli, 

or contribute to disease progression. 

In this thesis, the objective is to develop different deep learning methods for analyzing 

cellular decision-making processes using scRNA-seq data. These computational approaches aim 

to reveal the molecular programs governing cell fate and to predict how gene perturbations can 

alter cellular outcomes. Central to this effort is the finding of the accurate latent representation of 

high-dimensional data. By learning meaningful and compressed representations, we can improve 

the interpretability and accuracy of downstream analyses, including clustering, trajectory 

inference, gene regulatory network reconstruction, and the identification of key gene regulators. 

Also, these representations can be used further to generate high quality gene expression data. 

We developed several methods to capture the dynamics of cellular decision making. 

Fatecode, a classification-supervised autoencoder, predicts cell fate regulators by learning latent 

representations from scRNA-seq data. It enables in silico perturbation experiments to identify 

genes that can shift cell type distributions, offering insights into key regulators of differentiation. 

CLERA combines a supervised autoencoder with Sparse Identification of Nonlinear Dynamics 

(SINDy) to uncover dynamic models and active gene programs. By leveraging prior knowledge, 

CLERA extracts low-dimensional representations, reconstructs gene expression dynamics, and 

identifies central regulatory genes in various cell types. FateNet integrates dynamical systems 

theory with deep learning to predict the timing of cell decisions. By analyzing scaling behavior 

near bifurcations, FateNet provides insights into key decision points in cellular processes, 
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improving our understanding of these transitions. scVAEDer is a generative deep-learning model 

that integrates autoencoders with deep diffusion models. It captures both global patterns and local 

variations in scRNA-seq data, enabling high-quality synthetic data generation, prediction of 

perturbation effects, and tracking of gene expression changes over time. Finally, Deep Lineage 

analyzes time-series scRNA-seq data alongside lineage-tracing information, predicting early cell 

fate biases and gene expression profiles with high accuracy. Through in silico perturbations, Deep 

Lineage reveals dynamic multicellular responses over time and identifies key genes and pathways 

involved in cell fate decision making. 

I hope the methods presented in this thesis can advance the integration of deep learning into 

the study of cellular dynamics, helping to identify important gene programs and regulators 

involved in decision-making processes. These computational tools provide valuable resources for 

advancing research in regenerative medicine, developmental biology, and disease modeling. By 

improving our ability to model and predict cellular behavior, these methods can contribute to more 

effective therapies and a deeper understanding of the molecular processes driving development 

and disease. 
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showing sparse and interpretable models and connections between latent variables. b, Temporal 

dynamics of latent variables, which illustrate distinct patterns across cell types. c, Interaction 

graphs for various stages of pancreatic development, show dynamic gene interactions over time 

for different cell types. d, Clustering results showing gene program similarities across cell types, 

with shared genes in cluster 1 among Ductal, Ngn3 low EP (endocrine progenitor), and Ngn3 high 

EP cell types. e, Gene Set Enrichment Analysis results indicating pathways related to pancreatic 

development and neurogenesis. f, Degree centrality analysis identifying key genes for each cell 

type, including Spp1, Chgb, Neurog3, Ins1, Ins2, Clu, and Sox9. ............................................... 71 

 

Figure 4-3. CLERA reveals central genes and dynamics in hematopoietic differentiation. a, 

Differential equations discovered for bone marrow development data, showing connections 

between latent variables. b, Temporal dynamics of latent variables, with distinct patterns across 

cell types. c, Interaction graphs for different stages of bone marrow development, which capture 

dynamic gene interactions for each cell type. d, Clustering analysis of co-regulated gene groups at 

each developmental stage, with significant similarities between precursors, monocytes, DCs, and 

among Ery-1 and Ery-2, Mono-1 and Mono-2 subpopulations. e, Degree centrality analysis 

identifies key genes driving cellular differentiation, including Mpo, HOPX, Malat1, FOS, CD52, 
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Figure 5-1: Schematic of workflow with FateNet. Input data, in the form of a gene 

expression matrix, is reduced in dimension using PCA, clusters are obtained and a pseudotime 

series is constructed. The pseudotime series leading up to a cell fate transition is passed into 

FateNet, which outputs a probability distribution over different bifurcations. FateNet is pre-trained 

using many simulations from stochastic differential equations (SDEs) going through different 

types of bifurcation. The output of FateNet consists of probabilities for the occurrence of different 

bifurcations. A spike in the probability for a bifurcation is an indication that the bifurcation is about 

to occur. The cells associated with the timing of the spike can be examined to identify the key 

genes responsible for initiating the bifurcation process. ............................................................... 92 

 

Figure 5-2: Simulations and predictions in the simple gene regulatory network model going 

through a fold, pitchfork, and no bifurcation. (a-c) Bifurcation diagrams showing the stable (solid) 

and unstable (dashed) states of the model as a parameter is varied. (d-f) Model simulation (gray) 

with the bifurcation parameter varying linearly with time (Methods), and smoothing (black) with 

a Lowess filter with span 0.2. The model reaches the bifurcation at pseudotime 500. (g-i) 

Probabilities assigned by FateNet for each class of bifurcation as progressively more of the data 

becomes available. The arrow shows the time window where there is insufficient data for FateNet 

to make a prediction. FateNet uses the data after smoothing (i.e. not the trend) when making its 

predictions. The vertical dashed line indicates the time when the bifurcation is crossed. PF: 

pitchfork; TC: transcritical. ........................................................................................................... 94 

 

Figure 5-3: Bifurcation predictions in a simulation of SERGIO. (a) Uniform Manifold 

Approximation and Projection (UMAP) visualization of scRNA-seq data generated by SERGIO, 

with distinct clusters, color-coded based on cell type. (b) PAGA network graph representing the 

interconnectivity and relationships between cell types. (c) Bifurcation and null trajectories of cells 

organized in pseudotime (top) and the predictions of FateNet (bottom). The first principal 

component of the gene expression data is used to make predictions. The bifurcation trajectory 

shows a cell-fate transition between cell type 5 and cell types 3 and 6. The vertical dashed line 



 

 xxiv 

indicates the time when the bifurcation is crossed. Data is smoothed using a Lowess filter with 

span 0.2 and the detrended data are passed to our model. The null trajectory is generated by taking 

a random sampling from the first 20% of the detrended data and adding it to the original trend. DL 

probabilities are the probabilities assigned by our model for each event among Null, Fold, 

Transcritical (TC) and Pitchfork (PF). .......................................................................................... 96 

 

Figure 5-4: Predictions in data of mouse hematopoietic stem cell differentiation from 

undifferentiated cells (gray) to neutrophils (orange). (a) UMAP plot of mouse hematopoiesis data, 

emphasizing the transition (arrows) from progenitor cells (gray) to neutrophils (orange), 

elucidating the dynamic differentiation process. (b) Bifurcation and null trajectories with model 

predictions. The bifurcation trajectory (left) is the first principal component against pseudotime 

downsampled by a factor of 100. The dashed line shows the transition. The data is detrended using 

a Lowess filter with a span 0.2 and used as input to the model. The model outputs probabilities for 

each event among Null, Fold, Transcritical (TC) and Pitchfork (PF). The yellow box highlights 

the initial spike in bifurcation probabilities between pseudotime 0.28 and 0.32. The null trajectory 

(right) is generated by random sampling from the first 20% of the detrended bifurcation trajectory 

and adding them to the trend. (c) ROC curves for predictions of any bifurcation using variance 

(Var), lag-1 autocorrelation (AC), sample entropy (SE), Kolmogorov complexity (KC) and 

FateNet (FN). Predictions are made at evenly spaced time points between 0.3 and 0.6 for 100 

unique downsampled bifurcation trajectories and corresponding nulls, resulting in a total of 1400 

predictions. The inset shows the probabilities assigned to each bifurcation between pseudotime 0.5 

and 0.6. Boxes show the median and interquartile range, and whiskers show the full range. ...... 99 

 

Figure 5-5: Bifurcation predictions in murine pancreatic development focusing on 

differentiation of Fev+ to Alpha, Beta and Delta cells. (a) Uniform Manifold Approximation and 

Projection (UMAP) visualization of Pancreas development data, with distinct clusters, color-coded 

based on cell type. (b) Bifurcation and null trajectories with model predictions. The bifurcation 

trajectory (left) is the first principal component against pseudotime. The dashed line shows the 
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transition point. The data is detrended using a Lowess filter with a span of 0.2 and used as input to 

the model. The model outputs probabilities for each event among Null, Fold, Transcritical (TC) 

and Pitchfork (PF). The null trajectory (right) is generated by random sampling from the first 20% 

of the detrended bifurcation trajectory and adding them to the trend. ........................................ 101 

 

Figure 5-6: Exploring system response to various in silico perturbations. (a) UMAP 

visualization shows in silico perturbations, with green lightning indicating overexpression and red 

lightning denoting knockout perturbations. Each perturbation is individually implemented to 

observe how the system experiences shifts in the bifurcation dynamics. Model predictions for stem 

cell differentiation to neutrophils in mouse hematopoiesis after knocking out (b) and over-

expressing (c) a few numbers of the most significant genes. Genes are knocked out by setting their 

expression to zero. Genes are overexpressed by multiplying their expression by a factor of two. In 

each case, ten equally-spaced predictions are made between pseudotime 0.45 and 0.6. ............ 103 

 

Figure 6-1: scVAEDer overview. scVAEDer integrates VAE and DDM. First, a VAE is 

trained using the gene expression data. Then the VAE latent embedding is used to train the DDM 

through the processes of latent space diffusion and denoising. Combining together the model is 

able to decode back the gene space with high accuracy. scVAEDer can be used for different 

downstream analysis tasks such as generating novel high-quality scRNA-seq data, understanding 

changes in gene expression during cellular differentiation, predicting the effect of perturbations on 

new cell types when expression data is available for multiple conditions, detecting master 

regulators by interpolating between different cellular states and ranking fast responder genes based 

on their velocity values. .............................................................................................................. 118 

 

Figure 6-2: scVAEDer accurately learns the latent representation and generates new high-

quality scRNA-seq data. a, Red, forward diffusion process with 1000 steps on hematopoiesis in 

zebrafish as we add noise to the data; blue, reverse process as the model learns how to denoise. b, 

UMAP visualization of the real data embedding. c, Samples generated from DDM prior. d, samples 
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generated from the VAE. e, Total Variation Distance (TVD) between latent embedding of data 

and samples generated from the DDM as well as VAE prior distributions. ............................... 120 

 

Figure 6-3: scVAEDer can be used to understand cellular dedifferentiation. a, Mapping 

HSPC and monocyte cells into the latent prior of DDM. b, Using DDM (1000 diffusion steps) and 

performing latent linear interpolation with 2000 equidistant samples (red dots). The absence of 

any sample generated in the empty region suggests that the model has learned an accurate 

embedding. c, Heatmap showing the similarity between gene expression of generated states and 

the real average expression of HSPCs and monocytes (using 100 DDM steps before interpolation). 

d, Expression of selected marker genes along the interpolation path. ........................................ 122 

 

Figure 6-4: scVAEDer is more accurate than the SOTA methods in predicting perturbation 

responses. a, Data generation using latent prior of DDM with 1000 diffusion steps. b, Comparison 

of the correlation values of average gene expression between real and predicted cells of various 

cell types obtained using scGen, scPreGAN, and scVAEDer. c, Violin plots for selected key genes 

across control, real stimulated, and stimulation predicted by scVAEDer and scGen in Dendritic 

cells (DC). ................................................................................................................................... 124 

 

Figure 6-5: scVAEDer accurately detects master regulators during cellular reprogramming. 

a, The reverse process of DDM allows the generation of high-quality reprogramming samples from 

random Gaussian noise (the quality of generated samples is critical for downstream analysis). b, 

UMAP visualization of the data latent embedding, colored based on their state (red: failed, blue: 

reprogrammed). c, Data generated by interpolating between reprogrammed and failed states, 

represented by red dots. Remarkably, none of the interpolated samples are found outside the real 

representation of data. d, Correlation values between the new interpolated samples and the average 

gene expression of reprogrammed and failed cells, which demonstrates the shift in gene expression 

between failed and reprogrammed states. e, Ranking of genes based on high expression differences 

between t=0 and t=3000. f, Illustration showing the process of computing gene velocities along 
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the interpolation path to detect master regulators. g, Gene set enrichment analysis using 400 genes 

with the highest velocities (fast responders), which reveals pathways that are crucial during the 

cell reprogramming process. ....................................................................................................... 126 

 

Figure 7-1: Predicting Gene Expression and Early Cell Fate Bias via Combined scRNA-

seq and Lineage Tracing. A visual depiction of the Deep Lineage is presented. On the left, the 

Waddington landscape illustrates the developmental trajectory, showing how cells within each 

clone (represented by different colours) differentiate into distinct mature cell types originating 

from stem cells. On the right, by combining scRNA-seq data and lineage tracing information the 

gene expression profiles of cells within each clone are used as input for the autoencoder. The 

resulting latent embeddings of cells in a clone are subsequently used as inputs for the LSTM, Bi-

LSTM, or the GRU model. This integrated architecture enables the accurate prediction of both 

early cell fate bias and gene expression profile of unseen days within a clone. Notably, Deep 

Lineage offers the flexibility to adapt different preprocessing steps, diverse barcoding techniques, 

various dimensionality reduction methods, and a range of various deep learning models (left black 

box). ............................................................................................................................................ 139 

 

Figure 7-2: Deep Lineage accurately predicts single-cell gene expression of unseen cells in 

hematopoiesis a, UMAP plot of the hematopoiesis data from Weinreb et al. Each point represents 

an individual cell, color-coded by cell type. b, Schematic representation of the gene expression 

prediction process using two regression models: one for predicting day 4 gene expression (trained 

on data from days 2 and 6), and the other for predicting day 6 gene expression (trained on data 

from days 2 and 4) within a clone. c, Correlation of gene expression between Deep Lineage 

predictions and cells excluded during training, categorized by cell types and time points. d,e, 

Comparison of average gene expression values of 2000 genes between Deep Lineage predicted 

and real cells for Monocytes and Neutrophils. Gene expression at day 4 was averaged across 

predicted cells per clone, and then correlation was computed with actual data for each gene (𝑅2 

indicates the squared Pearson correlation coefficient between the predicted and ground truth 
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values). f,g, Violin plots show gene expression distributions between predicted and real cells for 

randomly selected genes both Monocytes and Neutrophils. ....................................................... 143 

 

Figure 7-3: Exploring progenitor bias prediction in hematopoiesis with Deep lineage and 

comparison to state-of-the-art methods. a, Schematic UMAP diagram illustrating the trajectory of 

stem cell differentiation and the possible cellular outcomes with cell colors indicating distinct 

clonal lineages. Grey points represent other mature cell types (not neutrophils and monocytes). b, 

Performance evaluation of the classifier using accuracy and cross-entropy loss metrics to predict 

early cell fate bias by employing gene expression of cells on just day 2, using cells on days 2 and 

4, and including all three days within a clone. c, Receiver Operating Characteristic (ROC) curves 

and Area Under the Curve (AUC) values for the model using cells from days 2 and 4 or all three 

days with a clone, showing our model's performance in early cell fate bias prediction. Day 2 

performance is very close to day 2&4 performance, thus not plotted. d, Comparative analysis with 

state-of-the-art methods in predicting early cell fate bias. Deep Lineage outperforms existing 

methods showing a higher classification accuracy. .................................................................... 144 

 

Figure 7-4: Deep Lineage accurately predicts single-cell gene expression of unseen cells in 

reprogramming. a, UMAP visualization demonstrates fibroblast cell reprogramming into iEPs, 

dots represent cells and are color-coded by time point. b, Correlation values between gene 

expression of ground truth cells and Deep Lineage predictions for cells excluded during training 

across different stages of the reprogramming process. c, Violin plots show gene expression 

distributions between real cells and Deep Lineage predictions for randomly selected genes for both 

Failed and Reprogrammed cells. d,e. Comparative analysis of the top 2000 differentially expressed 

genes between predicted and real cells. High correlation values are observed for both successful 

and failed reprogramming cells, highlighting the accuracy of the model for different cell types (𝑹𝟐 

indicates the squared Pearson correlation coefficient between the predicted and ground truth 

values). ........................................................................................................................................ 147 
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Figure 7-5: Early cell fate prediction in reprogramming with Deep Lineage and comparison 

to state-of-the-art method. a, UMAP visualization illustrates progenitor bias toward either 

successful or failed reprogramming outcomes. b, The model's accuracy in detecting successful or 

failed outcomes of progenitors is examined using gene expression data of cells up to days 12, 15, 

21, and all days within a clone. c, Benchmarking comparison between Deep Lineage and CellRank 

in predicting fate outcome when using all time points up to a given time point (e.g. day 12) to infer 

time point “day 28”. Using ROC curves and AUC values, the graph shows the predictive power 

of both models in predicting fate bias. Deep Lineage consistently outperforms CellRank. ....... 148 

 

Figure 7-6: In silico perturbations of early cells in hematopoiesis and reprogramming data 

successfully modify cell fate at later stages. a, UMAP representation showing the procedure for in 

silico perturbation of cells on day 15 within failed reprogrammed clones, aiming to switch them 

into successfully reprogrammed states. b, Correlation values between in silico perturbed data and 

actual successfully and unsuccessfully reprogrammed cells on Day 28, showing the power of Deep 

Lineage in performing in silico experiments. c, Gene set enrichment analysis reveals the biological 

processes associated with the top 200 genes identified by the SHAP method (40 genes selected 

from each time point) d, Identification of the top 10 gene candidates using SHAP analysis at each 

time point during fibroblast cell reprogramming. e, UMAP visualization depicting the in silico 

perturbation experiment targeting progenitor cells (Dark orange) in clones with a Neutrophil fate 

(blue), resulting in a transformation to Monocytes (green). f, The top 10 gene candidates for 

hematopoiesis detected by SHAP analysis across all time points. g, Gene set enrichment analysis 

of the top 200 genes identified by SHAP analysis. ..................................................................... 150 

 

Figure 9-1 Supplementary Fig. 1: Gene expression perturbations to change the cell-type 

distribution. This figure demonstrates the transition of an initial cell type distribution to a desired 

target distribution through gene-level adjustments. The circles represent the system's state, with 

the frequencies of cell types indicated below. ............................................................................ 191 
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Figure 9-2 Supplementary Fig. 2: Comparison of autoencoder architectures for analyzing 

data for endocrine development in the mouse pancreas. a, comparison of the input-output 

correlation for the AE, the variational autoencoder (VAE), and the conditional variational 

autoencoder (CVAE). b, the mean square error of the three autoencoder architectures' input and 

output. VAE performs better than other architectures for this data. ........................................... 192 

 

Figure 9-3 Supplementary Fig. 3: Gene prioritization score for the mouse hematopoiesis 

data. a, b, c, Fatecode accurately determines gene prioritization scores for various genes, including 

Klf1, Runx1, and Fli1, across different cell types. ...................................................................... 193 

 

Figure 9-4 Supplementary Fig. 4: Fatecode analysis of hematopoiesis data identifies master 

regulators governing cell switching dynamics. a, visualization of the hematopoiesis dataset from 

Weinreb et al. hematopoietic progenitors differentiate into different cell types such as mast cell 

(Ma), basophil (Ba), eosinophil (Eos), megakaryocyte (Mk), lymphoid precursor (Ly), migratory 

dendritic cell (mDC) and plasmacytoid dendritic cell (pDC), erythrocyte (Er), neutrophil (Neu), 

monocyte (Mo). b, The effect of different perturbation sizes of a node in the latent layer on the cell 

distribution. c, gene set enrichment analysis results. Gene ontology (GO) biological processes 

enrichment analysis shows significant process terms related to mouse hematopoiesis, stem cell 

development, and mesenchymal cell differentiation. ................................................................. 194 

 

Figure 9-5 Supplementary Fig. 5:  Gene Regulatory Network of Ybx1 and its downstream 

target genes along with gene prioritization scores. The GRN was constructed using SCENIC, by 

filtering the top 2000 interactions with the highest SCENIC Importance Measure (IM) scores. 

Additionally, the top 400 predicted master regulators from Fatecode were mapped onto the GRN, 

and the resulting network is presented here using a network bar chart in which each value of a bar 

plot shows the Fatecode gene prioritization score of the gene for that cell type. ....................... 195 
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Figure 9-6 Supplementary Figure 1: Training and validation loss curves for training 

CLERA on the data generated using SERGIO. The low losses in (a)-(e) indicate a high accuracy 

and strong generalization. Refer to the Methods section for the description of each loss term. 197 

 

Figure 9-7 Supplementary Figure 2: Training and validation loss curves for training 

CLERA on the pancreas data. The low losses in (a)-(e) indicate that CLERA successfully builds 

the latent layer with the desired characteristics. Refer to the Methods section for the description of 

each loss term. ............................................................................................................................. 198 

 

Figure 9-8 Supplementary Figure 3: Training and validation loss curves for the bone 

marrow data in the transfer learning setting. Due to transfer learning, the model converges in fewer 

epochs as compared to the training of the Pancreas data. ........................................................... 199 

 

Figure 9-9 Supplementary Figure 4: Training comparison on the bone marrow dataset using 

transfer learning (SINDy threshold frequency- 500) and vanilla training with two different 

thresholds (SINDy threshold frequency- 150 and 500). (a) shows the combined loss plotted against 

the number of epochs, illustrating the slower convergence and signs of overfitting in the vanilla 

models, particularly with the lower threshold (red). (b) presents the data with normalized epochs, 

highlighting the efficiency of transfer learning, which reaches stability in a fraction of the time 

compared to vanilla training. While the vanilla models require most of the training period to 

converge (especially with a lower threshold), the transfer learning model generalizes well much 

earlier in the training process, as shown by the stabilized validation loss. ................................. 200 

 

Figure 9-10 Supplementary Figure 5: Classification results of (a) SERGIO generated data 

(b) Pancreas data and (c) Bone marrows data. After training CLERA on different datasets. the 

prediction of the cell type for all the preprocessed input (validation and training) by the 

classification network is shown, The classifier achieves high accuracy with very few 
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misclassifications. Even for cell types with fewer instances, the model can accurately predict the 

cell type from the latent space. This strong classification performance suggests that the latent space 

captures cell-type-specific features. Accurate classification ensures that the predicted ODEs 

reliably infer relationships and can predict cellular behavior across different conditions. ........ 201 

 

Figure 9-11 Supplementary Figure 6: Mean intersection percentage between top-k genes of 

different latent variables present at various time distances for (a) SERGIO generated dataset (b) 

Pancreas dataset (c) Bone marrows dataset. The mean intersection percentage between the top-k 

genes for various time distances in the SERGIO-generated dataset with k=30 (left), the Pancreas 

dataset with k=300 (middle), and Bone marrow data with k=300 (right) datasets. The intersection 

percentage, plotted for each latent variable, is higher for closer time steps and gradually decreases 

as the time distance grows. This shows the model's ability to capture temporal coherence in gene 

expression patterns, where similar gene sets are shared between adjacent time points, reflecting 

the gradual changes in biological processes. The consistency decreases with larger time distances, 

indicating the differences in active gene programs. .................................................................... 202 

 

Figure 9-12 Supplementary Figure 7: The mean and standard deviation of SHAP values 

between each cell type and latent variable for the pancreas data.  The SHAP values calculated 

using the classifier network are plotted which show that each cell type is primarily driven by one 

or more latent variables for classification. This demonstrates that certain latent variables are key 

drivers in predicting particular cell types, suggesting a cell type-level abstraction within the latent 
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Figure 9-13 Supplementary Figure 8: SHAP Value Analysis of Latent Variables in 

hematopoietic differentiation. This figure illustrates the mean and standard deviation of SHAP 

values for each cell type and latent variable. The values, derived from the classifier network, 

demonstrate that specific latent variables significantly influence cell type classification, indicating 

a cell type abstraction in the latent space. ................................................................................... 204 
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Figure 9-14 Supplementary Figure 9: Latent Variable Time Series discovered using 

CLERA for (a) pancreas dataset and (b) Bone marrows dataset. Colors have been assigned as the 

cell type labels.  The latent space demonstrates clear cell type differentiation, with distinct cell 

types following unique trends and values over time. This pattern indicates that the learned latent 

space successfully captures cell type-specific dynamics, ensuring that the model reflects latent 

qualities at a cell type level granularity. ..................................................................................... 205 

 

Figure 9-15 Supplementary Figure 10: Results of centrality measures on (a) Pancreas 

dataset and (b) Bone marrows dataset. The figure shows the distribution of three centrality 

measures—Closeness, Eigenvector, and PageRank—for the most central genes across different 

cell types in (a) the pancreas dataset and (b) the bone marrow dataset. In both datasets, some genes 

exhibit consistently high centrality values across multiple cell types, indicating their importance 

in the gene regulatory networks. ................................................................................................. 206 

 

Figure 9-16 Supplementary Figure 1: Simulations and predictions in the simple gene 

regulatory network model using a smaller noise amplitude of 0.01. Refer to the caption of Figure 

1 for further details...................................................................................................................... 211 

 

Figure 9-17 Supplementary Figure 2: Simulations and predictions in the simple gene 

regulatory network model using a larger noise amplitude of 0.1. Refer to the caption of Figure 1 
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Figure 9-18 Supplementary Figure 3: Gene Ontology (GO) term and Reactome pathway 

enrichment analysis for the top 250 significant genes. a) GO: Biological Process (BP) showing the 

enriched biological processes such as different metabolic processes, cellular response to different 

stimulus, and cell apoptosis indicating relevant biological activities associated with these genes. 

b) GO: Molecular Function (MF) highlights the enriched molecular functions including protein 
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binding and enzyme binding. c) GO: Cellular Component (CC) displays the enriched cellular 

components such as cytoplasm and intracellular organelles, suggesting the subcellular 

localizations where these genes are active. d) The REAC panel represents the enriched pathways 

from the Reactome database, including immune system processes and cellular responses to stress, 

which are related to the process of neutrophil development....................................................... 213 

 

Figure 9-19 Supplementary Figure 4: Enrichment map analysis of biological pathways. The 

figure shows the complex connections and interactions between different active biological 

processes. Blue edges of varying thickness connect the nodes, indicating the strength of the 

connection between pathways by the number of mutual genes. To simplify the network, only edges 

and nodes meeting the cutoff (Node Cutoff P-value > 0.01, Edge Cutoff > 0.35) are shown. ... 214 

 

Figure 9-20 Supplementary Figure 5: Architecture for the neural networks in FateNet. Each 

network consists of 2 convolutional and 2 long-short-term memory (LSTM) layers. 

Hyperparameters are shown for Network 1. The input to the network is a time series of length 500. 

This is passed through a 1D convolution, with a kernel size of 12, 50 filters, and the ReLU 

activation function. Padding is applied to the ends of the time series to maintain the input 

dimension. This is then passed through a max pooling operation with pool size 2, reducing the 

dimension by a factor of 2. This process repeats through another convolution and max pooling 
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return the entire sequence. This then enters the second LSTM layer with 20 memory cells, which 

returns only the end value of the sequence. Each memory cell is then connected with the 4 output 

nodes via a dense layer. The output is passed through a softmax filter to obtain a probability 
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Figure 9-21 Supplementary Figure 6: training and validation accuracy vs. epoch for 

Network 1 and Network 2 during the training phase. The accuracy on the validation set peaks at 
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Figure 9-22 Supplementary Figure 7: Confusion matrices for Network 1 and Network 2 

when evaluated on their test sets from the library of generated dynamical systems. We show 

performance on the multi-class classification problem, where the model must predict the specific 

event, and the binary classification problem, where the model only needs to predict whether or not 

a bifurcation is approaching. Cell values show (row-)normalized classification rates for each class. 
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2 on the multi-class classification problem obtains an F1 score of 0.95. (C) Network 1 on the binary 

classification problem obtains an F1 score of 0.80. (D) Network 2 on the binary classification 

problem obtains an F1 score of 0.98. TC: transcritical. PF: pitchfork. ....................................... 217 

 

Figure 9-23 Supplementary Figure 1: Gene expression changes as a result of interpolation. 

The expression of selected maker genes is upregulated or downregulated as we interpolate between 
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Figure 9-25 Supplementary Figure 3: scVAEDer can correctly predict the distribution of 
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scPreGAN and scVAEDer for intestinal epithelial cells after Salmonella infections data. ........ 222 
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Figure 9-26 Supplementary Figure 4: DDM training and variance scheduling. A 
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Figure 9-31 Supplementary Figure 5: Ablation studies were performed on the 
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Chapter 1 

Introduction 

“Death smiles at us all, but all a man can do is smile back." These words by Marcus Aurelius 

reflect an acceptance of the inevitable. But must we simply smile back? Could we dare to challenge 

death, or even evade it entirely? The questions of death, life, and immortality have captivated the 

minds of philosophers, scientists, and scholars for millennia. For some, death is an inescapable 

fate, a natural end to life’s cycle. Others see it as a threshold to something beyond. Yet, a few bold 

individuals have refused to accept death as part of life's natural order, instead dedicating 

themselves to the search for ways to extend life—or even achieve immortality. 

Humanity has long pursued the dream of extending life, whether by lengthening our natural 

lifespan or achieving something as radical as immortality. However, should we ever succeed, we 

would not be the first. Nature offers extraordinary examples of longevity. The bowhead whale, for 

instance, can live for over 200 years, while the Aldabra giant tortoise can survive for up to 250 

years(6) (Fig1-1. a,b). Most remarkably, the Greenland shark can live up to 500 years, making it 

one of the longest-living vertebrates(7) (Fig1-1. c). Yet none of these creatures can claim to be truly 

immortal except for Turritopsis dohrnii, commonly known as the "Immortal Jellyfish"(8) (Fig1-1. 

d). When faced with injury or stress, it undergoes transdifferentiation—a rare process that allows 

it to transform its cells and revert to a juvenile state, effectively restarting its life cycle. While this 

unique process is remarkable, the mechanisms of extreme longevity or immortality found in other 

species are typically highly specialized, making them difficult to apply to humans. 

 

https://sciwheel.com/work/citation?ids=1006451&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=2828847&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=8054808&pre=&suf=&sa=0&dbf=0
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Figure 1-1: The natural world showcases remarkable examples of longevity and potential immortality. (a) 

The bowhead whale, capable of living over 200 years, thrives in Arctic waters. (b) The Aldabra giant 

tortoise, known for its lifespan of up to 250 years. (c) The Greenland shark, one of the longest-living 

vertebrates, can live up to 500 years in the deep ocean [Photo credit: Hemming1952]. (d) The Immortal 

Jellyfish (Turritopsis dohrnii) uniquely reverts to its juvenile form through transdifferentiation, effectively 

restarting its life cycle and achieving a form of biological immortality [Photo credit: Chen Yiming].  

 

Despite these challenges, the quest for immortality is a light in the darkness for those who dream 

of transcending our natural lifespan. This fascination with eternal life has been a recurring theme 

in mythology and folklore for as long as humans have recorded their thoughts. From the ancient 

myths of the Fountain of Youth (Fig1-2. e) to the worship of undying deities, the desire to escape 

death has spanned time and cultures. One of the earliest recorded tales of the search for immortality 

is found in the Epic of Gilgamesh(9) (Fig1-2. a). In this ancient Sumerian story, the legendary king 

Gilgamesh embarks on a quest to defeat death after the tragic loss of his companion, Enkidu. 

Gilgamesh seeks immortality to avoid his friend's fate, but ultimately fails in his pursuit. Instead, 

he comes to the realization that immortality lies not in eternal life, but in the enduring legacy of 

one's actions and contributions to civilization. This profound narrative is one of the oldest in human 

https://sciwheel.com/work/citation?ids=17023508&pre=&suf=&sa=0&dbf=0
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history. In a later era, the First Emperor of China, Qin Shi Huang, also sought to escape death (10) 

(Fig1-2. b). Obsessed with finding the mythical elixir of life (Fig1-2. d), he dispatched vast 

expeditions to locate the fabled Mount Penglai, believed to hold the secret to immortality. Despite 

his efforts, Qin Shi Huang's quest ended in failure, as he tragically died from mercury poisoning, 

ironically caused by the very pills prescribed to him in his pursuit of eternal life. Mythological 

tales from around the world echo this same yearning. In Persian mythology, the legendary king 

Jamshid is one of the most well-known figures associated with immortality(11) (Fig1-2. c). Jamshid 

was granted divine favor, allowing him to rule for hundreds of years. His reign marked a golden 

age, a time of prosperity and innovation for humanity. According to legend, Jamshid discovered 

the secret to immortality and ruled for centuries, growing more powerful and wise as time passed. 

However, his story also serves as a warning: Jamshid’s arrogance grew as he lived beyond the 

natural span of life. He began to see himself as divine, eventually losing the favor of the gods and 

bringing about his downfall. In Greek mythology, several stories address the theme of immortality, 

often with a cautionary twist. One notable example is the story of Tithonus, a mortal man who was 

granted eternal life by the gods at the request of Eos, the goddess of dawn (12) (Fig1-2. f). However, 

Eos forgot to ask for eternal youth, and as a result, Tithonus aged endlessly, growing frail and 

withered. His immortality became a curse, as he was doomed to an eternity of decrepitude. 

Regardless of their basis in myth or reality, these stories underscore the significance of the quest 

for immortality throughout human history. They reflect our deep-seated fear of death and our 

enduring desire to transcend our natural limitations. From ancient alchemists seeking the elixir of 

life to heroic figures embarking on legendary quests, this pursuit has spurred cultural narratives 

and philosophical exploration, showing how the dream of eternal life has shaped human thought. 

https://sciwheel.com/work/citation?ids=17023643&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=17023722&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=254840&pre=&suf=&sa=0&dbf=0
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Figure 1-2: Throughout history, the quest for immortality has captivated human imagination, as depicted in 

various myths and legends. (a) The Epic of Gilgamesh illustrates an early tale of seeking eternal life. (b) 

Qin Shi Huang, the First Emperor of China, pursued the elixir of life. (c) Persian mythology tells of King 

Jamshid's long reign and eventual downfall due to arrogance. (d) The mythical elixir of life symbolizes 

humanity's enduring hope for immortality. (e) The Fountain of Youth represents a legendary source of 

rejuvenation. (f) In Greek mythology, Tithonus was granted eternal life without eternal youth, highlighting 

the potential curse of immortality. 

 

Today, while the root causes of aging still remain elusive, various computational and experimental 

studies are beginning to illuminate these underlying mechanisms. This modern exploration bridges 

the gap between ancient aspirations and current scientific understanding, can offer hope for 

extending human lifespan and improving the quality of life. Central to this understanding is the 

recognition of the hallmarks of aging (13), which describe the key biological processes that 

contribute to the aging phenotype: 

1. Genomic Instability: This hallmark refers to the accumulation of DNA damage over time 

due to environmental stressors (like UV radiation and chemicals) and inherent replication 

errors. As cells divide, they may fail to accurately replicate their DNA, leading to mutations 

https://sciwheel.com/work/citation?ids=14150935&pre=&suf=&sa=0&dbf=0
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and chromosomal abnormalities. This instability contributes to cellular dysfunction and 

increases the risk of age-related diseases, including cancer. 

 

2. Telomere Attrition: Telomeres are repetitive DNA sequences at the ends of chromosomes 

that protect them from deterioration. With each cell division, telomeres shorten. When they 

reach a critically short length, cells can no longer divide, leading to cellular senescence or 

apoptosis (programmed cell death). Telomere attrition is associated with age-related 

decline in tissue regeneration and function. 

 

3. Epigenetic Alterations: Epigenetics involves changes in gene expression that do not alter 

the DNA sequence itself. Factors like aging, lifestyle, and environmental influences can 

lead to modifications of the epigenome, such as DNA methylation and histone 

modification. These changes can disrupt normal cellular processes, leading to altered cell 

behavior and contributing to aging and disease. 

 

4. Loss of Proteostasis: Proteostasis refers to the cellular mechanisms that maintain the proper 

folding, trafficking, and degradation of proteins. Aging disrupts these mechanisms, 

resulting in the accumulation of misfolded or damaged proteins. This proteotoxic stress can 

impair cellular function and lead to age-related diseases, including neurodegenerative 

disorders. 

 

5. Deregulated Nutrient Sensing: Cells have pathways that sense and respond to nutrient 

availability (such as insulin signaling and mTOR pathways). Aging can impair these 

signaling pathways, leading to metabolic dysfunction. This deregulation can contribute to 

obesity, diabetes, and other metabolic disorders, affecting overall health and longevity. 

 

6. Mitochondrial Dysfunction: Mitochondria are vital for energy production through 

oxidative phosphorylation. With age, mitochondrial function declines due to accumulated 

damage and mutations in mitochondrial DNA. This dysfunction leads to decreased energy 
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production and increased generation of reactive oxygen species, contributing to oxidative 

stress and cellular damage. 

 

7. Cellular Senescence: Cellular senescence is a state in which cells stop dividing but remain 

metabolically active. Senescent cells secrete pro-inflammatory factors and other molecules 

that can disrupt tissue function and promote chronic inflammation. The accumulation of 

senescent cells is linked to various age-related diseases and contributes to the aging 

process. 

 

8. Stem Cell Exhaustion: Stem cells play a crucial role in tissue regeneration and repair. As 

we age, the pool of functional stem cells diminishes, leading to reduced regenerative 

capacity. This exhaustion can impair the body’s ability to heal and replace damaged tissues, 

contributing to age-related decline in function. 

 

9. Altered Intercellular Communication: Aging affects the way cells communicate with each 

other through signaling pathways. This alteration can lead to chronic inflammation and 

changes in tissue microenvironments. The resulting dysregulation can contribute to a range 

of age-related diseases, including neurodegenerative conditions and cardiovascular 

diseases. 

 

10. Loss of Tissue Integrity: As we age, tissues can become less organized and functional due 

to changes in cellular composition and structure. This loss of integrity can impair organ 

function and increase susceptibility to injury and disease. 

 

11. Increased Inflammation: Chronic, low-grade inflammation often referred to as 

"inflammaging," is common in aging. This persistent inflammation can result from various 

factors, including the accumulation of senescent cells and changes in immune function. 

Chronic inflammation contributes to the development of many age-related diseases, such 

as cardiovascular disease, diabetes, and neurodegenerative disorders.  
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12. Decline in Immune Function: Aging leads to a gradual decline in the immune system's 

ability to respond effectively to pathogens, known as immunosenescence. This decline 

results in increased susceptibility to infections, reduced vaccine efficacy, and a higher 

incidence of autoimmune diseases. Maintaining a robust immune system is crucial for 

healthy aging. 

 

To combat aging, two main strategies can be broadly categorized: regenerative medicine (14) and 

enhancing cellular resilience (15) (Fig1-3). 

1. Regenerative medicine: This strategy focuses on regenerating and replenishing damaged 

or senescent cells to restore tissue function. Techniques such as cellular reprogramming 

and stem cell therapy aim to generate new, healthy cells that can replace those lost to aging 

or injury. Induced pluripotent stem cells and methods to rejuvenate aged cells are integral 

to this approach, as they offer the potential for improved tissue repair and regeneration. 

2. Enhancing Cellular Resistance: This approach emphasizes increasing the resilience of 

existing cells to combat age-related damage. By targeting mechanisms that promote 

cellular health, we can enhance the ability of cells to withstand stressors and external 

perturbations. For example, compounds that improve mitochondrial function can 

significantly bolster cellular resistance. Also, metabolic interventions, such as caloric 

restriction mimetics and nutrient-sensing enhancement, contribute to this effort by 

optimizing cellular responses to various challenges. 

To better explain these strategies, we can draw a parallel example to maintaining a car. Replacing 

old cells is similar to swapping out worn or malfunctioning parts of a vehicle; just as old brake 

pads or a failing engine can hinder a car's performance, aging or damaged cells can impair bodily 

functions. Techniques in regenerative medicine like stem cell therapy, and partial reprogramming 

are similar to installing a new engine or critical parts, revitalizing the vehicle's performance. 

Enhancing cellular resistance, on the other hand, resembles protecting the car to withstand various 

conditions, such as reinforcing the body for rough terrain, using better tires for improved traction, 

or using better materials to make the car parts. By enhancing cellular resilience through methods 

https://sciwheel.com/work/citation?ids=4723569&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=1854684&pre=&suf=&sa=0&dbf=0
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like metabolic interventions and regular physical activity, cells can better cope with external 

stresses, much like a well-equipped car that handles challenging road conditions. 
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Figure 1-3: Two complementary strategies to combat aging: regenerative medicine and enhancing cellular 

resistance. Regenerative medicine involves replacing or repairing damaged and aged cells, akin to replacing 

worn-out parts in a car. This process, such as regenerating tissues through stem cell therapy or partial 
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reprogramming, relies heavily on the concept of cellular decision-making, where cells assess environmental 

signals and gene programs to choose between repair or regeneration. Enhancing cellular resistance, on the 

other hand, fortifies the resilience of existing cells, similar to reinforcing a car to endure tough conditions. 

This strategy includes the use of metabolic interventions to optimize cellular health and performance. Both 

approaches work together to address the hallmarks of aging, promoting extended lifespan and improved 

healthspan. [Hallmark figure from Ref. (13) and other figs generated by Dall-E 3] 

 

For my master's thesis, we focused on modeling and analyzing different processes (16–18) 

especially pathways and regulators that can affect the extension of lifespan and healthspan in 

various model organisms, such as mTORC1, AMPK, and NAD(19,20). These pathways have been 

shown to play a major role in understanding how biological processes can be manipulated to 

promote longevity. We also delved into the complex connections between these master regulators 

and the circadian clock, which affects the rate of aging. By integrating the circadian rhythm's effect 

on metabolic processes, we aimed to uncover how synchronizing these pathways could potentially 

lead to enhanced health and longevity (21). To achieve this, we built these biological signaling 

pathways in silico using mechanistic models specifically ordinary differential equations, which 

allowed us to simulate and analyze their interactions. We also focused on modeling the effects of 

different drugs, such as metformin, resveratrol, and NMN, on this system. These compounds have 

gained attention for their potential to target key aging pathways and improve healthspan. By 

incorporating these drugs into our models, we sought to explore their mechanisms of action, the 

timing of the medicine for different age groups, and their effects on the dynamics of cellular aging. 

Overall, for my master's thesis, we mainly aimed to understand ways to increase the resilience of 

cells (second approach: Enhancing Cellular Resistance) by modeling the key pathways in aging 

and identifying potential interventions to promote healthy longevity. 

For my PhD, we concentrate on the first approach: using computational and primarily data-

driven models in regenerative medicine. Our main questions revolve around how to restore cells 

to their functional and healthy states. Specifically, we seek to answer: Which genes can be targeted 

to achieve the desired cellular state and type? When does cell decision-making happen, and what 

are the consequences of these decisions on the dynamics of the overall system? How accurately 

can we predict the effects of various perturbations, such as gene knocked out, diseases or drugs, 

https://sciwheel.com/work/citation?ids=14150935&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=12204780,11191319,15111139&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0&dbf=0&dbf=0&dbf=0
https://sciwheel.com/work/citation?ids=11196196,12582297&pre=&pre=&suf=&suf=&sa=0,0&dbf=0&dbf=0
https://sciwheel.com/work/citation?ids=11100674&pre=&suf=&sa=0&dbf=0
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on cellular gene expression profiles? In biological processes like development or differentiation, 

which gene programs are active? Also, can we predict how perturbing early cells within a clone 

affects the cell type and gene expression profiles in subsequent cells of the clone? 

 

As these developed methods have already undergone thorough rounds of peer review, they have 

been largely preserved in their original form, with only minor modifications to enhance clarity, 

integrate relevant background, and improve the overall flow of the thesis. The remainder of this 

manuscript is structured as follows: 

Chapter 2 offers an overview of the core computational and mathematical approaches used 

throughout the thesis, including unsupervised and self-supervised learning, representation 

learning, dynamic model decomposition, bifurcation theory, and single-cell data modalities. 

Chapter 3 introduces Fatecode, the first algorithm developed during my PhD. Fatecode is 

a computational method designed to predict cell fate regulators solely from single scRNA-seq data. 

By learning a latent representation through a deep learning-based classification-supervised 

autoencoder, it enables in silico perturbation experiments. These experiments identify genes that, 

when perturbed, can shift cell type distributions, either increasing or decreasing the population of 

specific cell types. The research titled Fatecode Enables Cell Fate Regulator Prediction Using 

Classification-Supervised Autoencoder Perturbation was conducted with Prof. Anita T. Layton, 

Prof. Sidhartha Goyal, and Prof. Gary Bader and has been published in Cell Reports Methods (1). 

We also experimentally validated Fatecode by reprogramming astrocytes into oligodendrocytes, 

in collaboration with researchers at the University of Toronto, in the study titled Direct lineage 

conversion of postnatal mouse cortical astrocytes to oligodendrocyte lineage cells, which is 

currently under review in eLife journal (22). 

Chapter 4 presents CLERA, a novel computational framework for uncovering dynamic 

models and identifying active gene programs from single-cell RNA sequencing data. By 

combining a supervised autoencoder with Sparse Identification of Nonlinear Dynamics, CLERA 

uses prior knowledge to extract low-dimensional representations and reveal the driving forces 

https://sciwheel.com/work/citation?ids=16657868&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=17045031&pre=&suf=&sa=0&dbf=0
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behind cellular processes. It pinpoints central genes, reconstructs gene expression dynamics, and 

captures key regulatory genes and temporal patterns across various cell types using personalized 

page rank. The research titled Discovering Governing Equations of Biological Systems through 

Representation Learning and Sparse Model Discovery was conducted in collaboration with Vasu 

Swaroop (coop student in our lab) and is currently under review in Nucleic Acids Research journal 

(2). 

Chapter 5 introduces FateNet, a computational approach that integrates dynamical systems 

theory with deep learning to explore the timing of cell decision-making using scRNA-seq data. By 

leveraging information about normal forms and scaling behavior near bifurcations FateNet predicts 

when cell decisions occur with greater accuracy than conventional methods, while offering a 

qualitative understanding into the specific type of bifurcation the system is likely to experience. 

The work titled FateNet: An Integration of Dynamical Systems and Deep Learning for Cell Fate 

Prediction was conducted with Dr. Thomas Bury and published in Bioinformatics in 2024 (3). 

Chapter 6 delves into scVAEDer's capabilities, the first generative deep-learning model 

that integrates autoencoders and deep diffusion models to model biological processes using 

scRNA-seq data. This approach learns a latent representation of the data, which captures both 

global patterns and local variations. scVAEDer's accuracy is shown by showing its ability to 

generate new high quality scRNA-seq data, predict perturbation effects across cell types, track 

gene expression changes during dedifferentiation, and identify key regulators in biological 

processes. The work titled The Power of Two: Integrating Deep Diffusion Models and Variational 

Autoencoders for Single-Cell Transcriptomics Analysis was conducted with Prof. Antia Layton 

and is currently under review at the Genome Biology journal (4). 

Chapter 7 highlights Deep Lineage, a novel deep-learning method for analyzing time-

series scRNA-seq data with matched lineage-tracing data. Our method accurately predicts early 

cell fate biases and gene expression profiles at different time points within a clone, surpassing 

current state-of-the-art methods in fate prediction accuracy. Also, through in silico perturbations 

in cellular reprogramming and hematopoiesis data, we show that Deep Lineage accurately models 

dynamic multicellular responses while identifying key genes and pathways associated with cell 

https://sciwheel.com/work/citation?ids=17003553&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=17003533&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=14694107&pre=&suf=&sa=0&dbf=0
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fate determination. This research was conducted in collaboration with Allen Zhang and Prof. Gary 

Bader. The work titled Deep Lineage: Single-Cell Lineage Tracing and Fate Inference Using Deep 

Learning and is currently under review at Cell Systems (5).  

Chapter 8 summarizes the key findings of my thesis and offers conclusions and future 

directions for research across various areas, including computational methods, biology, and social 

science. 
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Chapter 2 

Computational methods 

2.1 Machine Learning 
Machine learning (ML) is a subfield of artificial intelligence (AI) focused on designing algorithms 

that learn from and make predictions based on data. Unlike traditional algorithms, which follow 

explicit instructions, machine learning models identify patterns in data autonomously and adapt as 

they are exposed to new information. At its core, machine learning involves finding an optimal 

function 𝑓 that maps input data 𝑋 to an output 𝑌 (23). In supervised learning, this function can be 

represented mathematically as:  

𝑓: 𝑋 → 𝑌 

Where 𝑋 is the set of input features and 𝑌 is the output (target variable or label). ML 

methods are broadly and commonly categorized into supervised, unsupervised, and self-supervised 

learning, each serving distinct roles in data analysis (23). In the sections that follow, I will describe 

the machine learning methodologies used in my PhD research, focusing on supervised and 

unsupervised learning. 

 

2.2 Supervised Learning 

Supervised learning involves learning a function from labeled data, where each training sample 

consists of input-output pairs. The model’s goal is to predict the correct output for unseen data 

based on what it learned from the labeled examples. This approach is widely used in tasks such as 

classification and regression. 

2.2.1 Classification 

Classification is the task of predicting discrete labels from input data. In my work, I used 

classification models to predict cell types from gene expression data (1,24), forecasting the fate of 

clones(5), and classifying patients according to their disease status(25). Mathematically, 

https://sciwheel.com/work/citation?ids=17025055&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=17025055&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=16866593,16657868&pre=&pre=&suf=&suf=&sa=0,0&dbf=0&dbf=0
https://sciwheel.com/work/citation?ids=16869167&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=15678906&pre=&suf=&sa=0&dbf=0


 

 15 

classification involves learning a mapping 𝑓: 𝑋 → {1,2, … , 𝑘} where (𝑘) represents the number of 

classes. For example, in predicting monocyte versus neutrophil fate, (𝑋) would represent gene 

expression data,  and (𝑘 =  2). The classifier is trained by minimizing a loss function such as 

cross-entropy loss, which is given by: 

𝐿 =  − ∑ ∑ 𝑦𝑖,𝑘 log(ŷ𝑖,𝑘)

𝐾

𝑘=1

𝑁

𝑖=1

 

where 𝑦𝑖,𝑘 is the true label, ŷ𝑖,𝑘  is the predicted probability for class k, and N is the number of 

samples. 

2.2.2 Regression 

In regression, the model predicts continuous outputs rather than discrete labels(23). In my research, 

I used regression models to predict gene expression levels at future time points, such as Day 21 

and Day 28, using data from days 6, 9, 12, and 15. The regression task can be described as learning 

a function 𝑓: 𝑋 → 𝑅, where the output is a continuous variable. The loss function typically used 

for regression is the mean squared error (MSE), which is expressed as: 

𝐿 =  (
1

𝑁
) ∑(𝑦𝑖 −  ŷ𝑖)2

𝑁

𝑖=1

 

where 𝑦𝑖 is the true output, ŷ𝑖 is the predicted output, and 𝑁 is the number of samples. In both 

classification and regression, the primary challenge is to ensure that the model generalizes well to 

unseen data, which is typically addressed using regularization techniques. 

 

2.3 Unsupervised Learning 
Unsupervised learning techniques play a pivotal role in the analysis of large-scale datasets, 

especially in biological and cellular studies. These methods aim to uncover hidden patterns, 

relationships, and structures in the data without the use of labeled outputs. The core techniques 

revolve around modeling the data distribution, discovering its underlying structure, clustering 

https://sciwheel.com/work/citation?ids=17025055&pre=&suf=&sa=0&dbf=0
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similar data points, and dimensionality reduction (26). Below, I outline these concepts in detail, 

focusing on their mathematical foundations. 

 

2.3.1 Modeling the Data Distribution and Sampling 

One of the primary goals in unsupervised learning is to model the probability distribution  𝑃(𝑋)  

of the data 𝑋. This helps in understanding the likelihood of certain data points and allows for the 

generation of synthetic samples that follow the same distribution as the original data. A common 

approach to modeling data distribution is through Gaussian Mixture Models, which assume that 

the data is generated from a mixture of several Gaussian distributions. The probability density 

function of a Gaussian Mixture Models can be expressed as: 

𝑃(𝑋) = ∑ π𝑘𝒩( 𝑋 ∣∣ μ𝑘, Σ𝑘 )

𝐾

𝑘=1

 

where 𝐾  is the number of Gaussian components, 𝜋𝑘 is the weight of the k-th Gaussian, and 

𝒩( 𝑋 ∣∣ μ𝑘, Σ𝑘 ) represents the Gaussian distribution with mean 𝜇𝑘 and covariance matrix Σ𝑘. 

Maximizing the likelihood function for the Gaussian Mixture Models can be done using the 

Expectation-Maximization algorithm, iteratively refining the estimates of the parameters 

μ𝑘, Σ𝑘, π𝑘 for each Gaussian component (23). Modeling the data distribution in this way enables 

us to infer underlying structures and generate new samples for simulations or data augmentation. 

This allows GMMs to capture complex data structures by modeling overlapping or non-spherical 

clusters. Moreover, GMMs provide practical applications such as inferring latent structures, 

creating synthetic datasets for augmentation, or identifying anomalies in data by detecting points 

that deviate significantly from the learned distribution. By leveraging this flexibility, GMMs 

become an essential tool for probabilistic modeling in unsupervised learning. 

 

https://sciwheel.com/work/citation?ids=17025541&pre=&suf=&sa=0&dbf=0
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2.3.2 Revealing the Underlying Structure of the Data 

In biological data, the relationships between cells or genes often lie in a non-obvious manifold or 

latent space. Revealing this latent structure requires non-linear approaches that can map the high-

dimensional data into lower-dimensional manifolds while preserving the essential properties of the 

original dataset. One such approach is Manifold Learning, which assumes that the data lies in a 

lower-dimensional, non-linear subspace. One such method is Isomap, a technique that extends 

classical Multidimensional Scaling by incorporating geodesic distances. Isomap seeks to preserve 

the global geometry of the data by minimizing the following error: 

min
𝑌

∑(𝑑𝐺(𝑋𝑖, 𝑋𝑗) − |𝑌𝑖 − 𝑌𝑗|)
2

𝑖,𝑗

 

where 𝑑𝐺(𝑋𝑖, 𝑋𝑗) is the geodesic distance between points 𝑋𝑖 and 𝑋𝑗 in the high-dimensional 

space, and |𝑌𝑖 − 𝑌𝑗| is the Euclidean distance between their low-dimensional representations. The 

geodesic distance 𝑑𝐺  is computed by approximating the shortest paths along a neighborhood 

graph, capturing the structure of the data. This method is useful in biological contexts, such as 

tracing differentiation pathways or revealing gene expression landscapes, providing insights into 

complex cellular processes. It is worth noting that UMAP and t-SNE are among the most 

commonly used methods for visualizing scRNA-seq data structures(27,28). 

2.3.3 Clustering 

Clustering is a fundamental unsupervised technique used to group similar data points based on 

their feature similarities. The goal is to assign data points 𝑋𝑖 to clusters 𝐶𝑘, such that points within 

the same cluster are more similar to each other than to those in other clusters. One of the most 

widely used clustering algorithms is K-Means. The algorithm iteratively assigns data points 

to 𝐾 clusters based on the Euclidean distance to the cluster centroids. Mathematically, K-Means 

aims to minimize the following objective function: 

𝐽 = ∑ ∑ |𝑋𝑖 − μ𝑘|2

𝑋𝑖∈𝐶𝑘

𝐾

𝑘=1
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where μ𝑘 is the centroid of the 𝑘-th cluster, and 𝑋𝑖 ∈ 𝐶𝑘 denotes that the data point 𝑋𝑖 belongs to 

cluster 𝐶𝑘. The algorithm alternates between assigning points to the nearest cluster and updating 

the centroids, leading to compact and well-separated clusters. Another notable technique is 

Density-Based Spatial Clustering of Applications with Noise (DBSCAN), which identifies clusters 

based on the density of data points, making it particularly effective for datasets with irregular 

shapes and noisy data (29). DBSCAN assigns points to clusters if they are densely packed within 

a neighborhood radius ϵ, and labels points as outliers if they do not meet this criterion. 

2.3.4 Dimensionality Reduction 

High-dimensional data, such as scRNA-seq, can be challenging to interpret directly due to the 

"curse of dimensionality." Dimensionality reduction techniques aim to project this data into a 

lower-dimensional space while retaining the most relevant information. Principal Component 

Analysis (PCA) is a commonly used method that projects data into a subspace spanned by the 

directions of maximum variance. The objective is to find a set of orthogonal vectors (principal 

components) that maximize the variance of the projected data: 

max 𝑣𝑇Σ𝑣 

where Σ is the covariance matrix of the data, and 𝑣 is the vector corresponding to the principal 

components. For non-linear data, methods such as Uniform Manifold Approximation and 

Projection (UMAP) have proven effective(28). UMAP optimizes the cross-entropy between the 

high-dimensional and low-dimensional representations of the data, preserving both global and 

local structures. The algorithm constructs a weighted graph where points are connected based on 

a similarity metric, such as cosine or Euclidean distance, and optimizes the embedding to reflect 

this graph in the lower-dimensional space. 

min
𝑌

∑ 𝑃𝑖𝑗

𝑖,𝑗

log
𝑃𝑖𝑗

𝑄𝑖𝑗
+ (1 − 𝑃𝑖𝑗) log

1 − 𝑃𝑖𝑗

1 − 𝑄𝑖𝑗
 

where 𝑃𝑖𝑗 and 𝑄𝑖𝑗 are the probabilities of points 𝑖 and 𝑗  being connected in the high-dimensional 

and low-dimensional spaces, respectively. By reducing the dimensionality of the data, we can 

https://sciwheel.com/work/citation?ids=1795967&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=12611897&pre=&suf=&sa=0&dbf=0


 

 19 

visualize complex relationships and trajectories that were otherwise obscured in the high-

dimensional space, aiding in the interpretation of biological processes and cell differentiation. 

 

2.4 Self-Supervised Learning 

Self-supervised learning has emerged as a pivotal paradigm within the field of machine learning, 

bridging the gap between supervised and unsupervised learning (23). Unlike traditional supervised 

learning, which relies on labeled data, and unsupervised learning, which seeks to identify inherent 

structures without labels, self-supervised learning leverages the data itself to generate supervisory 

signals(30). This approach enables models to learn meaningful representations by solving pretext 

tasks derived from the input data, thereby effectively using large amounts of unlabeled data. 

At the core of self-supervised learning is the concept of creating auxiliary tasks where the 

labels are intrinsically derived from the data. These tasks train the model to understand and capture 

the underlying structures and patterns within the data, facilitating the learning of robust and 

generalizable features. Mathematically, let 𝑋 denote the input data. In self-supervised learning, a 

defined task is defined to generate a pseudo-label Y from X (30). The model is then trained to 

predict Y given X, thereby learning representations that are useful for downstream tasks. This can 

be expressed as: 

𝑌 = 𝑓(𝑋) 

min
𝜃

𝐿(𝑔𝜃(𝑋), 𝑌) 

where 𝑓 is the function defining the defined task, 𝑔𝜃 represents the model with parameters 𝜃, and 

𝐿 is the loss function measuring the discrepancy between the model's predictions and the pseudo-

labels. 

One of the most recent techniques in self-supervised learning is Masked Language 

Modeling (MLM), which was popularized by models like BERT in the realm of natural language 

processing (31). MLM involves masking certain parts of the input and training the model to predict 

the masked elements. For a given input sequence 𝑋 = (𝑥1, 𝑥2, … , 𝑥𝑛), a subset of tokens 

https://sciwheel.com/work/citation?ids=17025055&pre=&suf=&sa=0&dbf=0
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{𝑥𝑚1
, 𝑥𝑚2

, … , 𝑥𝑚𝑘
}  are masked, resulting in 𝑋̃. The model is then trained to predict the original 

tokens based on the masked input: 

ℒ = − ∑ log 𝑃 ( 𝑥𝑚 ∣∣ 𝑋̃ )

𝑚∈ℳ

 

Here, ℳ is the set of masked positions, and 𝑃( 𝑥𝑚 ∣∣ 𝑋̃ ) is the probability of the model predicting 

the original token 𝑥𝑚 given the masked input 𝑋̃. 

Generative Models also play a crucial role in self-supervised learning by aiming to model the 

underlying data distribution through data generation. Autoencoders can be seen as a self-

supervised learning method, leading to the modeling of underlying data distributions through their 

encoding capabilities(23). An autoencoder consists of an encoder 𝑓𝜃 and a decoder 𝑔𝜙, where the 

encoder maps the input 𝑋 to a latent representation 𝑍, and the decoder reconstructs 𝑋 from 𝑍: 

𝑍 = 𝑓𝜃(𝑋) 

𝑋̂  = 𝑔𝜙(𝑍) 

The objective is to minimize the reconstruction loss: 

ℒ = |𝑋 − 𝑋̂|2 

The optimization process in self-supervised learning typically involves minimizing a loss function 

that captures the discrepancy between the model's predictions and the pseudo-labels generated 

from the data. Optimization techniques such as stochastic gradient descent (SGD) are employed 

to iteratively update the model parameters 𝜃 to minimize the loss: 

𝜃𝑡+1 =  𝜃𝑡 −  𝜂𝛻𝜃𝐿(𝜃(𝑡)) 

where 𝜂 is the learning rate, and 𝛻𝜃𝐿(𝜃(𝑡)) denotes the gradient of the loss with respect to the 

parameters. Through such optimization, self-supervised learning models progressively refine their 

representations, capturing intricate patterns and dependencies within the data. 

https://sciwheel.com/work/citation?ids=17025055&pre=&suf=&sa=0&dbf=0
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2.4.1 Representation Learning 

In statistical physics and quantum field theory renormalization group theory provides a powerful 

framework for understanding how systems behave across different scales (32). At its core, 

renormalization involves transforming a system by systematically zooming out to focus on large-

scale behavior while discarding microscopic details that are irrelevant at those scales. This 

transformation often is done manually, by defining rules or mappings that preserve essential 

features of the system while simplifying its description (model or data). For example, in the Ising 

model of magnetism, a transformation reduces a detailed lattice of spins to a coarser representation, 

allowing us to study phase transitions and critical phenomena without getting lost in irrelevant 

details (32) (Fig 2-1). 

In data science and image processing, similar manual transformations can be found in techniques 

like JPEG image compression (33) (Fig 2-1). The JPEG algorithm uses the Discrete Cosine 

Transform to convert an image from the spatial domain where each pixel is a value into the 

frequency domain where patterns of varying frequencies are represented. High-frequency 

components, which often correspond to noise or less important details, are discarded, while low-

frequency components, which capture the essential structure of the image, are kept. This 

transformation is manually defined, with explicit rules for how to process the data. While effective 

for specific tasks like image compression, manual transformations require human expertise and 

may not generalize well to other domains. 

 

https://sciwheel.com/work/citation?ids=17025690&pre=&suf=&sa=0&dbf=0
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Figure 2-1: Renormalization in the Ising Model and JPEG Image Compression. (a) Renormalization in the 

Ising model, where spins on a fine lattice are grouped into blocks to form a coarser representation of the 

system's magnetization. (b) JPEG image compression of the image, showing the progressive reduction in 

detail through increasing levels of compression. Both processes highlight the principle of discarding fine-

scale details to emphasize larger-scale structures.  

 

Representation learning automates this process of transformation, allowing models to discover 

relevant transformations directly from the data without human intervention (26). In contrast to 

manual approaches where specific rules are set (feature engineering), representation learning 

models can learn to extract features from raw data in a more flexible and adaptive manner. This is 

particularly advantageous when dealing with complex, high-dimensional data, such as gene 

expression profiles or natural images, where the best transformation is often unknown or difficult 

to handcraft (34). Representations learned by neural networks are now widely used in different 

ML areas, such as speech recognition (35), natural language processing and video representation 

(36),  and domain adaptation (37).  

At the heart of representation learning is the idea that a model can learn to transform data 

into a latent representation that makes it easier to solve downstream tasks. In the supervised 

learning setting, this process is tightly coupled with the task at hand. The model is trained on 

labeled data, and as it learns to perform the task (e.g., classification or regression), it 

simultaneously learns to extract useful features from the input data. Usually, this is done end-to-

end, where the model is not only optimizing the final task but also learning intermediate 

representations through layers of abstraction. For example, in a deep convolutional neural network 

used for image recognition, the lower layers may learn to detect edges or textures, while higher 

layers capture more complex patterns like shapes or objects. Mathematically, we can represent this 

transformation as learning a function 𝑓: 𝑋 → 𝑍, where 𝑋 is the input data and 𝑍 is the learned 

representation. The goal is to find a representation 𝑍 that simplifies the problem, allowing the 

model to efficiently solve a task 𝑔: 𝑍 → 𝑌, where 𝑌 is the output. In supervised learning, the 

objective is to minimize a loss function 𝐿(𝑔(𝑓(𝑋)), 𝑌), adjusting the model parameters such that 

the learned representation 𝑓(𝑋) = 𝑍 is optimal for the specific task. 
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The process of labeling data is both expensive and time-consuming, and most datasets 

remain largely unlabeled, so unsupervised methods offer a more practical approach to 

representation learning. Instead of generating task-specific representations that require labels, 

unsupervised learning focuses on uncovering more general-purpose representations that can 

capture the core structure of the data(38). The key challenge in this approach is finding 

transformations that reveal the hidden patterns, correlations, and variations in the data, without the 

benefit of labeled examples. The transformation encodes the underlying factors of variation in a 

way that can be useful across different tasks, without being tied to any specific one. Representation 

learning methods like autoencoders aim to learn latent variables that summarize the data in a 

compact form while preserving its most important characteristics. These latent variables, or 

representations, capture key patterns and dependencies that can be generalized across a range of 

tasks. The power of these methods lies in their ability to represent data in a lower-dimensional 

space while retaining the most relevant information(39). However, even though these techniques 

are powerful, they face a significant challenge related to identifiability. 

Identifiability is important in learning meaningful representations, as it refers to the ability 

to uniquely recover the true latent structure from the observed data. In the linear case, methods 

like independent component analysis (ICA) are often used to separate mixed observations into 

independent latent sources, relying on statistical assumptions such as non-Gaussianity(40) (Fig 2-

2). While ICA is well-studied and effective in linear scenarios, its ability to handle nonlinear 

transformations is severely limited. Nonlinear transformations introduce too many degrees of 

freedom, making the problem of recovering the original latent components ill-posed(40) (Fig 2-

2). The fundamental difficulty of nonlinear identifiability is captured in the following theorem 

which shows that in a nonlinear setting, it is possible to find a transformation that results in 

independent components, even if those components do not correspond to the true sources of 

variation in the data(39): 

 

Theorem 1: Let x be a random vector of any distribution (x should be continuous). Then, there 

exists a transformation 𝑔: ℝᵈ → [0,1]ᵈ such that 𝑧 =  𝑔(𝑥) has a uniform distribution, with its 

https://sciwheel.com/work/citation?ids=4952251&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=17028039&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=15711140&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=15711140&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=17028039&pre=&suf=&sa=0&dbf=0


 

 24 

components being independent. Moreover, the function 𝐠 can be chosen so that the first variable 

is simply transformed by a scalar function: z₁ = g₁(x₁). 

 

To overcome this limitation, one strategy is to introduce auxiliary variables or leverage temporal 

dynamics to provide additional structure for learning identifiable representations(40). For instance, 

in time series data, temporal dependencies can act as a source of information that helps disentangle 

the underlying factors of variation. The time evolution of data points can offer insights into the 

relationships between latent components, making it easier to identify the true structure. 
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Figure 2-2: Identifiability of ICA and its application on blind source separation illustrated. 

Demonstration of ICA Identifiability and Source Separation. The top row displays the original signals, 

which are then combined either linearly or nonlinearly, shown in the middle and bottom rows, respectively. 

Linear ICA and nonlinear ICA are applied to these mixtures, successfully recovering the original signals in 

the rightmost column. In contrast, when PCA and its nonlinear variant, VAE (without further constraints), 

are applied to the same mixtures (middle column), separation is not achieved. Figure from Ref. (40). 
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Another approach is to incorporate task-specific knowledge or constraints that provide guidance 

for learning more identifiable models. By integrating prior knowledge about the domain or 

imposing constraints on the learned representations, we can reduce the ambiguity inherent in 

nonlinear transformations. This can be done through regularization techniques or auxiliary tasks 

that help the model focus on meaningful variations in the data (40). For example, auxiliary tasks 

like cell type classification or trajectory prediction can help guide the learning process by enforcing 

consistency between the learned representations and known biological processes. 

In projects like Fatecode, CLERA, and Deep Lineage, we adopted this approach by 

combining the nonlinear transformations of autoencoders with auxiliary tasks and domain-specific 

regularization. For example, in Fatecode, we combined deep learning-based methods with 

auxiliary tasks related (cell type classification), while in CLERA, we used auxiliary information 

such as cell type classification and dynamic regularization through methods like Sparse 

Identification of Nonlinear Dynamics (SINDy) (41). This combination of non-linear autoencoders 

with auxiliary tasks enabled the learning of more identifiable and biologically meaningful 

representations that captured the underlying structure of the data, which allows for more accurate 

predictions and insights into cellular dynamics. 

2.5 The Challenge of Interpretability in Deep Neural Networks 

Although mentioned machine learning approaches have revolutionized many fields, they often 

face limitations in scientific domains where interpretability and generalization are important. ML 

models, especially deep learning, excel at fitting complex datasets but tend to act as "black boxes" 

providing little insight into the underlying physical processes. This lack of interpretability can 

hinder the ability to uncover the governing laws or equations that describe a system, as the 

relationships between variables remain obscured(42). Also, ML models often struggle to 

generalize beyond the specific data they were trained on, which limits their ability to predict 

unobserved phenomena or extend to different regimes of a system’s behavior. In contrast, 

approaches rooted in physics and applied mathematics aim to discover governing equations that 

are interpretable, generalizable, and aligned with the constraints of the system. Efforts have been 
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made to combine the traditional mechanistic modeling strategies (common in physics and 

mathematics) with data driven approaches. This combination is particularly valuable when the 

governing equations of a system are unknown, and we aim to infer them directly from 

observational data(43). Linear methods, such as Koopman theory, offer a foundation for 

understanding dynamical systems through linear representations, while more advanced techniques 

like the SINDy method extend this framework to nonlinear systems (44). 

2.5.1 Koopman Theory 

In the linear case, methods like Koopman theory offer a valuable framework for analyzing complex 

systems by converting nonlinear dynamics into linear representations in a higher-dimensional 

space(44). The key idea behind Koopman theory is that even though a system may behave 

nonlinearly in its natural state, it is possible to describe this system using linear operators when 

viewed through a set of observables. These observables represent different aspects of the system’s 

state, and by expanding the system into this higher-dimensional space, the dynamics become 

linear(45). This transformation simplifies the analysis of complex behaviors, allowing scientists to 

leverage traditional linear techniques such as eigenvalue decomposition to study nonlinear 

phenomena. Mathematically, the Koopman operator 𝐾 acts on a function 𝑓(𝑥), where 𝑥 is the 

system’s state, transforming it according to the system’s time evolution 𝑇(𝑥): 

𝐾 𝑓(𝑥) =  𝑓(𝑇(𝑥)) 

By working in this space of observables, researchers can decompose the system’s evolution into 

Koopman modes, which represent different components of the dynamics. This method is 

particularly useful for studying time-series data and extracting global features of a system’s 

behavior over time. However, while Koopman theory can reveal important aspects of a system, it 

also has limitations. One of the main challenges is that accurately representing a nonlinear system 

in a linear framework often requires expanding the space into a very high (or even infinite) 

dimensional setting. This not only complicates the model but can also hinder interpretability, 

making it difficult to draw clear conclusions about the underlying mechanisms driving the system. 
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2.5.2  Sparse Identification of Nonlinear Dynamics  

In contrast to linear methods like Koopman theory, SINDy is specifically designed to identify 

governing equations for systems that exhibit nonlinear behavior (41). The core idea behind SINDy 

is that many physical systems, despite their complexity, can be described by a small number of 

dominant interactions or governing laws. These interactions are often nonlinear, and SINDy’s 

strength lies in its ability to uncover these underlying equations directly from data, while 

promoting sparsity to keep the model interpretable. 

The starting point for SINDy is a set of time-series data that describe the state of the system 

at different points in time. From this data, the goal is to discover a system of equations that describe 

the rate of change of the system’s state over time. Formally, consider a system whose dynamics 

are governed by the following differential equation: 

𝑑𝑥

𝑑𝑡
= 𝑓(𝑥) 

where 𝑥 = [𝑥1, 𝑥2, . . . , 𝑥𝑛] is a vector representing the state of the system, and 𝑓(𝑥) is an unknown 

function that describes how the state evolves over time. The objective of SINDy is to approximate 

this function 𝑓(𝑥) by a sparse combination of candidate functions that can explain the system's 

dynamics. 

To achieve this, SINDy constructs a library of candidate functions 𝛩(𝑥), which may include 

polynomials, trigonometric functions, or any other basis functions that are relevant to the system 

being studied. The library matrix 𝛩(𝑥) is structured as follows: 

Θ(x) = [1   𝑥1   𝑥2   𝑥1
2   𝑥2

2   𝑥1𝑥2   … ]  

Each row corresponds to a time step in the observed data, while each column represents a possible 

nonlinear function of the state variables. The task is now to find a sparse vector 𝜉 such that: 

𝑑𝑥

𝑑𝑡
= 𝛩(𝑥)𝜉 
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Here, 𝜉 is a vector of coefficients that selects the relevant terms from the library, promoting 

sparsity through techniques such as Lasso regression or sequential thresholding (46). The sparsity 

constraint ensures that only a few terms from the candidate library are used to model the system’s 

dynamics, resulting in a simplified and interpretable model. 

 

2.6 Dynamical Systems and the Theory of Bifurcation 

Dynamical systems are mathematical models used to describe the time-dependent behavior of 

complex systems in various fields, including biology, physics, and engineering. These systems can 

be represented by ordinary differential equations (ODEs) or partial differential equations (PDEs) 

that govern the evolution of the system's state over time. In the context of biology, for example, 

dynamical systems can model processes like gene regulation, cellular growth, or population 

dynamics(47). 

One of the most critical aspects of studying dynamical systems is understanding how their 

behavior changes as parameters within the system are varied. A bifurcation refers to a qualitative 

change in the system's long-term behavior as a parameter crosses a critical threshold (47). At this 

point, the system's equilibrium or periodic solution changes its stability, leading to phenomena 

such as sudden transitions between different states or the emergence of new patterns. 

 

2.6.1 Bifurcation Theory 

Bifurcation theory provides a mathematical framework for studying these qualitative changes. It 

helps identify the points, called bifurcation points, where the system's behavior shifts and allows 

us to classify the types of bifurcations based on the nature of these transitions (48). Mathematically, 

bifurcations occur when the Jacobian matrix of a system evaluated at its fixed points has 

eigenvalues crossing the imaginary axis of the complex plane, signaling a change in stability. 

Consider a system described by the differential equation: 

https://sciwheel.com/work/citation?ids=8428658&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=579926&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=579926&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=10266491&pre=&suf=&sa=0&dbf=0


 

 30 

𝑑𝑥

𝑑𝑡
= 𝑓(𝑥, 𝛼) 

where 𝑥 represents the state of the system, and 𝜇 is a bifurcation parameter. A bifurcation occurs 

when small changes in 𝜇 cause significant changes in the nature of the solutions to this equation. 

 

2.6.2 Core Bifurcation Types in Dynamical Systems 

2.6.2.1 Saddle-Node Bifurcation 

A saddle-node bifurcation occurs when two equilibrium points (one stable and one unstable) 

collide and annihilate each other as the bifurcation parameter is varied(49) (Fig 2-3). This type of 

bifurcation is common in systems where the stability of a state can abruptly disappear, leading to 

sudden transitions. Saddle-node bifurcations are characterized by the following equation: 

𝑑𝑥

𝑑𝑡
= 𝛼 − 𝑥2 

In this equation, as the parameter 𝜇 passes through zero, two fixed points 𝑥 = ± √𝛼 merge and 

vanish. For 𝛼 > 0, there are two fixed points: one stable and one unstable. For 𝛼 < 0, no fixed 

points exist, leading to a qualitative change in the system's behavior. 

 

2.6.2.2 Hopf Bifurcation 

A Hopf bifurcation occurs when a pair of complex-conjugate eigenvalues of the Jacobian cross the 

imaginary axis as the bifurcation parameter is varied, leading to the emergence of periodic 

solutions (limit cycles)(49) (Fig 2-3). This transition marks a change from a stable equilibrium to 

an oscillatory state, often seen in systems that exhibit periodic behavior, such as biological rhythms 

or chemical reactions. The normal form of a Hopf bifurcation can be written as: 

dz

dt
  =  𝑧((𝛼  +  iω)  −  |z|2) 

https://sciwheel.com/work/citation?ids=9120968&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=9120968&pre=&suf=&sa=0&dbf=0
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Here, 𝑧 is a complex variable, 𝛼 is the bifurcation parameter, and 𝜔 is the natural frequency of 

oscillation. When 𝛼 crosses zero, the system undergoes a bifurcation from a stable equilibrium to 

a limit cycle with frequency 𝜔. 

 

2.6.2.3 Pitchfork Bifurcation 

A pitchfork bifurcation occurs when a symmetric system exhibits a transition from a single stable 

equilibrium to multiple equilibria as the bifurcation parameter is varied(49) (Fig 2-3). This 

bifurcation comes in two forms: supercritical and subcritical. In the supercritical case, a stable 

equilibrium splits into two stable equilibria and one unstable equilibrium, while in the subcritical 

case, the bifurcation produces two unstable equilibria. The standard form of a pitchfork bifurcation 

is: 

𝑑𝑥

𝑑𝑡
= 𝛼𝑥 − 𝑥3 

For 𝛼 < 0, the system has a single stable equilibrium at 𝑥 = 0. As 𝛼 > 0, the system bifurcates 

into two stable equilibria at 𝑥 = ±√𝛼, with 𝑥 =  0 becoming unstable. 

 

2.6.2.4 Transcritical Bifurcation 

In a transcritical bifurcation, two equilibrium points exchange their stability as the bifurcation 

parameter changes (49) (Fig 2-3). This type of bifurcation is often seen in population dynamics, 

where one equilibrium represents extinction, and another represents a stable population. The 

normal form for a transcritical bifurcation is: 

𝑑𝑥

𝑑𝑡
= 𝛼𝑥 − 𝑥2 

As 𝛼 crosses zero, the equilibria at 𝑥 = 0 and 𝑥 = 𝛼 exchange stability, causing a shift in the 

system's dynamics.  

https://sciwheel.com/work/citation?ids=9120968&pre=&suf=&sa=0&dbf=0
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Figure 2-3: Bifurcation diagrams for the saddle–node, transcritical, pitchfork co–dimension 1 

bifurcation. The plot shows the stability properties of dynamical systems depending on the bifurcation 

parameter α and the initial condition of the system IC. Figure from Ref (50). 

 

2.7 Single-cell genomics 

scRNA-seq has revolutionized modern biology by enabling the high-resolution analysis of 

individual cells. Initially constrained to experiments with a few hundred cells, scRNA-seq 

technologies have rapidly evolved to accommodate datasets with millions of cells spanning various 

tissues and organs (51). This vast increase in scale has allowed for an unprecedented view of 

cellular heterogeneity, showing the diversity within a seemingly uniform cell population that was 

masked by traditional bulk assays. With this level of granularity, scRNA-seq provides critical 

information into the processes that underlie cellular decision-making whether a cell commits to a 

https://sciwheel.com/work/citation?ids=9878549&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=11220245&pre=&suf=&sa=0&dbf=0
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specific lineage, responds to external stimuli, or deviates from normal functioning in pathological 

states. Understanding how cells make decisions is a central challenge in biology because these 

decisions ultimately dictate the functional organization of tissues and organs(52). Cellular 

decision-making is a complex and dynamic process driven by intrinsic factors, such as gene 

expression profiles and chromatin accessibility, as well as extrinsic signals from the 

microenvironment. Moreover, the stochastic nature of molecular interactions introduces another 

layer of complexity, making it essential to investigate decision-making at the single-cell level. 

Investigating the mechanisms by which cells transition between states during normal development, 

tumor progression, or tissue regeneration is crucial, as this knowledge can inform the development 

of targeted therapies and interventions in cancer treatment, regenerative medicine, and immune 

system modulation(53). 

From a computational perspective, scRNA-seq data is often represented as a matrix 𝑋 with 

dimensions 𝑛 × 𝑚, where 𝑛 is the number of cells and 𝑚 is the number of genes. This structure 

facilitates a variety of downstream analytical tasks, including clustering cells into distinct 

subpopulations, identifying differentially expressed genes, and reconstructing developmental 

trajectories(54). These tasks enable us to explore how gene expression changes across cell types, 

how cells progress through different states over time, and how rare cell types can be identified 

within a heterogeneous population. Furthermore, dimensionality reduction techniques, such as 

PCA or UMAP(28), are commonly used to visualize high-dimensional data in two or three 

dimensions, providing interpretable visualization of cellular diversity. 

The continuous advancement of single-cell technologies has also introduced new 

modalities, expanding beyond RNA sequencing to include measurements of chromatin 

accessibility (scATAC-seq), protein expression (CITE-seq), and even multi-omic approaches that 

capture multiple layers of cellular information simultaneously(55). These technologies offer a 

more comprehensive view of cellular states by integrating data on transcriptional activity, 

epigenetic regulation, and protein expression. Multimodal data can provide a richer context for 

understanding the regulatory networks that drive cellular decision-making. For instance, scATAC-

seq can reveal the regions of the genome that are accessible due to open chromatin conformation, 

https://sciwheel.com/work/citation?ids=14790213&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=17029834&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=13285117&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=12611897&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=14610570&pre=&suf=&sa=0&dbf=0
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while CITE-seq allows for the quantification of surface proteins in conjunction with RNA 

expression, giving a more complete view of cell identity and function (55). Furthermore, 

advancements in single-cell methodologies have paved the way for other techniques like Perturb-

seq and lineage tracing. These methods offer powerful tools to study not only the static gene 

expression profiles of cells, but also the temporal and causal relationships between gene regulation, 

cellular identity, and fate. 

Lineage tracing is a method that allows researchers to track the developmental trajectories 

of cells over time, which provides a direct view into how individual cells evolve into distinct 

lineages(56). This method has been invaluable in studies of development, regeneration, and 

disease, as it enables the mapping of how a single progenitor cell can give rise to diverse cell types. 

Traditionally, lineage tracing involved genetic markers introduced into cells to permanently label 

their progeny. However, with the advent of high-throughput sequencing, more sophisticated 

barcoding strategies such as CRISPR-based lineage tracing have been developed. In these 

approaches, cells are engineered to express unique DNA sequences (barcodes) that can be read out 

via sequencing, to reconstruct their lineage relationships. When combined with scRNA-seq, 

lineage tracing provides a detailed view of how cells transition through various states. This 

integration allows us to map not only where a cell came from but also how its gene expression 

changes as it commits to a specific fate. Lineage tracing can reveal how a stem cell differentiates 

into various cell types or how cells evolve during cancer progression. By integrating lineage data 

with transcriptional profiles, we can identify the molecular mechanisms and key regulators driving 

these transitions within a biological process which are essential in developmental biology and 

regenerative medicine, leading to new strategies for tissue engineering and repair. 

Perturb-seq is another transformative technique that combines CRISPR-mediated gene 

perturbation with scRNA-seq, enabling the systematic study of gene function at high resolution 

(57). This method allows us to simultaneously target multiple genes and assess the downstream 

consequences on cellular behavior and leads to a high-resolution view of gene regulatory networks 

(GRNs). The strength of Perturb-seq lies in its ability to link perturbations with cellular phenotypes 

in a highly multiplexed manner. By perturbing dozens or even hundreds of genes concurrently, 

https://sciwheel.com/work/citation?ids=14610570&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=8558984&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=2867112&pre=&suf=&sa=0&dbf=0
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researchers can measure how each perturbation affects the transcriptional landscape of individual 

cells. This is particularly powerful for causal discovery in GRNs, as it overcomes the limitations 

of relying solely on observational data (58). Perturbation data generated by Perturb-seq can 

provide the necessary interventions to enable causal inference and the identification of true causal 

relationships between variables which facilitates a more accurate reconstruction of GRNs. Perturb-

seq has been successfully applied across various fields, including immunology and cancer 

research. In immunology, it has uncovered key regulators of immune responses that could be 

targeted for therapeutic intervention (59). In cancer research, it has revealed how different cell 

types within tumor microenvironments respond to perturbations, highlighting the variability in 

cancer progression and resistance mechanisms (60). By perturbing transcription factors or 

signaling pathways, we can learn how molecular circuits shape cellular decision-making processes, 

which reveals crucial mechanisms underlying cell identity, differentiation, and responses to 

external stimuli. Integrating Perturb-seq with computational models enables prediction of 

perturbation effects across different cell types, advancing precision medicine strategies that tailor 

treatments based on cell-specific gene regulatory profiles. 

Throughout my PhD research, I focused on developing various computational methods that 

leverage scRNA-seq data to model and explore the complexities of cellular decision-making 

processes. My work addressed various aspects of this complex process, including unraveling the 

temporal dynamics of cell fate decisions within biological systems, aiming to uncover the timing 

of these pivotal moments and their consequences on the system. I also developed methods to 

identify key genes and active gene programs driving these decision-making processes and 

examined how different perturbations such as genetic manipulations, disease states, and drug 

interventions affect gene expression and cell states. These methods revealed fundamental 

mechanisms underlying cellular decision-making and established a robust and precise framework 

for predicting cellular responses to different perturbations. I hope my research advances our ability 

to understand and manipulate cellular decision making processes in both health and disease 

contexts. 

https://sciwheel.com/work/citation?ids=10799861&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=6040916&pre=&suf=&sa=0&dbf=0
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Chapter 3 

Fatecode 

This chapter introduces Fatecode, the first algorithm developed during my PhD. Fatecode is a 

computational method designed to predict cell fate regulators solely from scRNA-seq data. By 

learning a latent representation through a deep learning-based classification-supervised 

autoencoder, it enables in silico perturbation experiments. These experiments identify genes that, 

when perturbed, can shift cell type distributions, either increasing or decreasing the population of 

specific cell types. The research titled Fatecode Enables Cell Fate Regulator Prediction Using 

Classification-Supervised Autoencoder Perturbation was conducted with Prof. Anita T. Layton, 

Prof. Sidhartha Goyal, and Prof. Gary Bader and has been published in Cell Reports Methods (1). 

The author list on the publication is below: 

Mehrshad Sadria1, Anita Layton1,2,3,4, Sidharta Goyal5, Gary D. Bader6,7,8,9,10 
1 Department of Applied Mathematics, University of Waterloo, Waterloo, Ontario, Canada. 
2 Cheriton School of Computer Science, University of Waterloo, Waterloo, Ontario, Canada. 
3 Department of Biology, University of Waterloo, Waterloo, Ontario, Canada. 
4 School of Pharmacy, University of Waterloo, Waterloo, Ontario, Canada. 
5 Department of Physics, University of Toronto, Toronto, Ontario, Canada.  
6 Department of Molecular Genetics, University of Toronto, Toronto, Ontario, Canada. 
7 The Donnelly Centre, University of Toronto, Toronto, Ontario, Canada.  
8 Department of Computer Science, University of Toronto, Toronto, Ontario, Canada.  
9 The Lunenfeld-Tanenbaum Research Institute, Sinai Health System, Toronto, Ontario, Canada.  
10 Princess Margaret Cancer Centre, University Health Network, Toronto, Ontario, Canada. 

 

We also experimentally validated Fatecode by reprogramming astrocytes into oligodendrocytes, 

in collaboration with researchers at the University of Toronto, in the study titled Direct lineage 

conversion of postnatal mouse cortical astrocytes to oligodendrocyte lineage cells, which is 

currently under review in eLife journal (22). 

 

https://sciwheel.com/work/citation?ids=16657868&pre=&suf=&sa=0&dbf=0
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3.1 Overview 

Cell reprogramming, which guides the conversion between cell states, is a promising technology 

for tissue repair and regeneration, with the ultimate goal of accelerating recovery from diseases or 

injuries. To accomplish this, regulators must be identified and manipulated to control cell fate. The 

ability to accurately identify cell fate regulators from single-cell transcriptomics data would help 

accomplish this goal. We propose Fatecode, a computational method that predicts cell fate 

regulators based only on scRNA-seq data. Fatecode learns a latent representation of the scRNA-

seq data using a deep learning-based classification-supervised autoencoder and then performs in 

silico perturbation experiments on the latent representation to predict genes that when perturbed 

would alter the original cell type distribution to increase or decrease the population size of a cell 

type of interest. We assessed Fatecode’s performance using simulations from a mechanistic gene 

regulatory network model and scRNA-seq data mapping blood and brain development of different 

organisms. Our results suggest that Fatecode can detect known cell fate regulators from single-cell 

transcriptomics datasets. We hope this method will accelerate the discovery of novel cell fate 

regulators that can be used to engineer and grow cells for therapeutic use in regenerative medicine 

applications. 

 

3.2 Introduction 

In tissue development, specific regulator genes control how cells change state and type to form a 

complete tissue (61). These regulators are also important because they can be used to control cell 

fate for multiple applications, including in regenerative medicine and cancer (62). However, it 

remains a challenge to identify these regulators within complex and dynamic tissue systems (61). 

Cell fate regulators can be identified using experimental methods such as high-throughput 

genetic perturbation screens (e.g. CRISPR-based) with single-cell gene expression (scRNA-seq) 

readouts (63,64). However, these methods are challenging to run on arbitrary biological systems. 

Computational methods have been developed to predict gene expression programs that explain the 

difference between perturbed and unperturbed states (4,65–67) or to predict the linear effect of 

https://sciwheel.com/work/citation?ids=10612918&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12937298&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=10612918&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13722841,5854534&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=11761355,7244120,13334365,14694107&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
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perturbing a particular transcription factor (68). Also, computational methods which determine the 

ordering of cell states along a trajectory, based on their gene expression profiles using a pseudotime 

or actual time approach (69–73), have been used to examine the cell decision-making process by 

identifying genes that are differentially expressed between trajectory branches. However, these 

latter methods often have trouble identifying accurate trajectories and branch points (74). 

Furthermore, none of the above methods are designed to identify cell fate regulators in normal 

developmental processes. 

We develop Fatecode, a computational method to predict important cell fate regulator genes 

for cell types of interest. Fatecode predicts cell fate regulators based only on scRNA-seq data 

covering a given range of cell types to be analyzed. Fatecode learns a latent representation of the 

scRNA-seq data using a deep learning-based classification-supervised autoencoder (75,76) and 

then performs in silico perturbation experiments on the latent representation to predict genes that 

when perturbed would alter the original cell type distribution to increase or decrease the population 

size of a cell type of interest. Fatecode can be thought of as an in silico CRISPR perturbation screen 

that identifies genes that influence cell fate, based on a cell type readout. These genes can be 

traditional (e.g. transcription factors) or non-traditional regulators (any other genes). We assessed 

Fatecode’s performance using simulated data produced by a mechanistic model based on a pre-

defined gene regulatory network with known cell fate regulators (77) and tested it on scRNA-seq 

maps of blood and developing brain from zebrafish and mouse (78–81). 

 

3.3 Results 

3.3.1 Fatecode method overview 

Fatecode uses a classification-supervised autoencoder to detect key genes that can shift the cell 

type frequencies in an input scRNA-seq data set towards a desired distribution of cell types. Taking 

single-cell gene expression profiles as input, the autoencoder learns a latent space with reduced 

dimensions capturing the input information (reduce gene dimension x cell matrix). A supervised 

cell type classifier is included as part of the loss function to create a latent space composed of 

https://sciwheel.com/work/citation?ids=14346796&pre=&suf=&sa=0
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features that support optimal cell type classification in addition to input data reconstruction. 

Known cell type annotations in the input data are used to train the classifier. This ensures that the 

latent space is relevant for cell type classification used in later stages. Each latent layer node of the 

autoencoder, which represents a reduced dimension of the input, is systematically perturbed to 

simulate altering key gene expression programs (sets of genes that are correlated with each other 

that are represented by individual learned latent layer dimension). Cell types are then reclassified 

to characterize the effect of the perturbation and the autoencoder’s decoder uses the perturbed and 

unperturbed latent embeddings to generate a gene-by-cell matrix of gene prioritization scores. This 

matrix is used to identify genes important for the perturbation effect (Method section, Fig. 1, 

Supplementary Fig. 1). Resulting cell type distributions are generated for each possible 

perturbation and then manually evaluated to identify those that increase or decrease proportions of 

desired cell types. In this way, regulator genes are identified to increase or decrease a given cell 

type proportion relative to all other cell types and these are predicted to be cell fate regulators for 

the given cell type. An average of the cell fate regulator prioritization scores across cells in each 

cell type is computed to produce a final regulator list for each cell type. 

Our latent layer perturbation approach is inspired by latent vector operations used in natural 

language processing and computer vision applications to generate novel text and images (82–84). 

In those applications, perturbation operations performed on the latent layer generally yield superior 

results compared to operations performed directly in the input space. The classification component 

of Fatecode is used to exclude possible latent space regions that do not conform to the overall 

structure of the data. This helps in learning a model which is more representative of the underlying 

data distribution. 

 

https://sciwheel.com/work/citation?ids=13330873,12072825,15511912&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0


 

 40 

 

Figure 3-1: Fatecode workflow for in silico perturbation experiments and cell fate regulator detection. The 

3D model (top) represents a Waddington-like landscape depicting cellular reprogramming processes. We 
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seek to identify genes (question marks) that regulate paths on this landscape (wavy lines), by transitioning 

them to another path (red arrows). A classification-supervised autoencoder learns a latent space 

representing the original data, optimized for both input reconstruction and cell type classification. The latent 

layer is systematically perturbed and by investigating all resulting perturbation-generated cell type 

distributions, distributions with an increase or decrease in a cell type of interest are identified. Perturbation 

output is simulated by subtracting the perturbed from unperturbed latent layers and feeding it to the decoder 

to identify a cell by gene matrix of prioritization scores that can help us to prioritize genes predicted to be 

important for achieving a desired cell population distribution. An average of the cell fate regulator 

prioritization scores across cells in each cell type is computed. By sorting these genes based on their 

prioritization scores for a cell type of interest, the model predicts genes that are important for regulating the 

levels of a given cell type. 

 

3.3.2 Optimizing model architecture and hyperparameters 

Fatecode relies on the latent embedding of an autoencoder, but different types of autoencoders 

may produce different results, depending on the input data (see Supplement) (66,85–87). To 

investigate this in our problem context, we evaluated the performance of three common 

autoencoder architectures: under-complete autoencoder (AE), variational autoencoder (VAE), and 

conditional variational autoencoder (CVAE) (88). The first step of Fatecode evaluates these three 

autoencoder architectures, and other hyperparameters (Supplementary Note 1), to find the ones 

that reconstruct the input data best, measured by mean squared error (MSE) for reconstruction and 

cross-entropy for cell type classification. To illustrate the importance of this step, we compared 

how the choice of autoencoder affects learning the underlying representation for two single-cell 

gene expression data sets in adult zebrafish blood (78) and murine pancreatic development (89). 

AE produced the lowest reconstruction error for the zebrafish data (averaged over cell types) (Figs. 

2a,b). AE also produced a latent layer that successfully reduces the dimension and cleanly 

separates the five known cell types in the data (Fig. 2c), and its cell type classifier yields a high 

accuracy (Fig. 2d). However, for the mouse data, VAE achieved a higher accuracy compared to 

the other autoencoders (Supplementary Fig. 2). 

https://sciwheel.com/work/citation?ids=13331455,7244120,13864981,15511899&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
https://sciwheel.com/work/citation?ids=15511867&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=4939518&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=7174849&pre=&suf=&sa=0


 

 42 

 

Figure 3-2: Comparison of autoencoder architectures for analyzing data for hematopoiesis regulation in 

zebrafish blood a, Comparison of correlation between input and output of AE, variational autoencoder 

(VAE), and conditional variational autoencoder (CVAE). b, Mean square error between input and output 

of the three autoencoder architectures showing that AE produces the lowest error rate for this data set. c, 

UMAP visualization of the latent layer of the under-complete autoencoder (AE). d, Confusion matrix for 

the classifier connected to the latent layer of AE demonstrating excellent classification performance.  

 

3.3.3 Fatecode accurately detects known regulators from simulated scRNA-seq 

data 

To assess the accuracy by which Fatecode identifies cell fate regulators using gene expression 

profiles, we applied the method to simulated single-cell RNA-seq data generated from known gene 
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regulatory network (GRN) structures using SERGIO (77). SERGIO allows users to specify the 

number of cell types and key regulators in the simulated GRN (Fig. 3a). While Fatecode is not 

specific to gene regulatory networks (i.e. it can identify a list of genes of any type, not just 

transcription factors), a GRN-based simulation is expected to provide a good benchmark for our 

method. A matrix of 400 cells and 2700 genes, with 20 known regulators and 9 cell types was 

generated and run through Fatecode. Predicted cell fate regulator genes and their prioritization 

scores were compared to the known SERGIO regulator list. The number of known regulator genes 

identified increases as more genes are prioritized (Fig. 3b). Almost all of the known regulator 

genes (18 out of 20) were identified when 150 genes were prioritized (out of 2700). To compare 

with a naive baseline, we identified cell type markers (top 20 genes) using differential gene 

expression (DGE) analysis on the same data using Seurat’s non-parametric Wilcoxon rank-sum 

test (90). Fatecode identifies a greater proportion of known regulators than DGE analysis over up 

to 150 prioritized genes (Fig. 3b). As SERGIO is a stochastic method, we analyzed five additional 

simulated datasets of the same size, all of which yielded similar results (plotted as shading in Fig. 

3b). We repeated this analysis on a larger dataset consisting of 2700 cells, 1,200 genes, with 65 

predefined regulators, and 9 distinct cell types. We used Fatecode to identify the top 180 key genes 

of this data, and DGE analysis to identify the top 25 differentially expressed genes from each cell 

type. Also, for comparison, we included scFates, a method specifically designed for trajectory-

based differential gene expression analysis. Fatecode consistently outperformed both DGE 

methods in detecting known regulators. We further evaluated performance by varying the top k 

gene threshold of DGE, and Fatecode consistently outperformed DGE across all tested thresholds, 

demonstrating its robustness while varying the number of genes considered (Fig. 3c, 

Supplementary Fig 3). Thus, Fatecode performs well at identifying known regulators in simulated 

single-cell RNA-seq data.  

We also examined the sensitivity of our model by the size of the latent layer in the autoencoder, 

by training Fatecode with different latent layer sizes (n=50, 75, and 100 dimensions) using the 

2700 cell simulated data (Fig. 3d). Our results show general consistency across the different latent 

layer sizes, indicating that Fatecode exhibits robustness across a range of latent layer sizes. 

https://sciwheel.com/work/citation?ids=9570265&pre=&suf=&sa=0
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Figure 3-3 Fatecode detects known regulators using simulated data generated by SERGIO. a, The schematic 

structure of the gene regulatory network to generate scRNA-seq. Red nodes are known regulators and green 

nodes are non-regulators whose production rates are determined by their associated regulators. Our goal is 

to identify known regulators from the generated scRNA-seq data using Fatecode. b, Benchmark 

comparisons of the detection rate of predefined regulators generated by SERGIO using Fatecode compared 

with a naive differential gene expression (DGE) baseline. The red and green areas represent the performance 

of Fatecode and DGE, respectively, on the simulated data with 400 cells. c, Benchmark comparisons of the 

detection rate of known regulators using Fatecode, scFates, and DGE on simulated data with 2700 cells. d, 

Venn diagram showing the similarity between the number of known regulators uncovered by Fatecode 

across various latent layer sizes. 
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3.3.4 Fatecode identifies known cell fate regulator genes in mouse 

hematopoiesis 

Hematopoiesis is a cell differentiation process by which the body produces mature blood cells 

from hematopoietic stem cells. We applied Fatecode to a published mouse hematopoiesis single-

cell differentiation dataset which involves the differentiation of myeloid progenitors into 9 cell 

types (Fig. 4a)(80). We then examined Fatecode’s accuracy in predicting cell fate regulators that 

lead to the desired cell type distribution by comparing the results with ground truth experimental 

perturbation data and known regulator genes (68,80,91,92). Fatecode learned a latent node that, 

when perturbed, simultaneously increases the monocyte population and decreases erythrocytes and 

granulocytes (Fig. 4b). Previous studies have demonstrated that Irf8 is important in promoting the 

differentiation of the GM (Granulocyte-Monocyte) lineage, particularly monocytes, and functions 

as a key regulator in determining the fate between granulocytes and monocytes. Fatecode 

accurately predicted Irf8 as an important cell fate regulator in the monocyte differentiation process. 

It correctly assigned a high positive score for monocytes and late_GMP (Granulocyte-Macrophage 

Progenitor) and negative scores for granulocytes and MEP (Megakaryocyte-Erythroid Progenitor) 

lineages, consistent with previous studies (Fig. 4c). Next, we investigated the prediction results for 

Cebpa, the knock-out of which leads to a decline in the population of differentiated myeloid cells, 

while concurrently increasing the number of erythrocytes. Fatecode accurately assigned a high 

positive score to Cebpa for monocytes and granulocytes and a negative score to erythrocytes and 

MEPs (Figs. 4d,e). In another example, Klf1 is a key regulator in driving differentiation towards 

the ME (Megakaryocyte-Erythroid) lineage, specifically promoting the development of 

erythrocytes, while simultaneously inhibiting the GMP lineage. Fatecode correctly assigned a set 

of positive scores to Klf1 for erythrocytes and MEP, indicating its ability to capture a key regulator 

in ME lineage differentiation (Supplementary Fig. 3a). We also tested Fatecode's ability to detect 

genes which are known to be important in maintaining stemness and inhibiting differentiation. 

Fatecode correctly predicted Runx1 as a candidate that has negative scores for perturbations that 

increase all mature cell types (all cell types expect MEP and GMP) (Supplementary Fig. 3b). 

Lastly, we examined the prediction results for Fli1, which exhibits diverse effects on 

https://sciwheel.com/work/citation?ids=1028522&pre=&suf=&sa=0
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differentiation. Fatecode accurately gives positive scores for the association between Fli1 and 

megakaryocytes, monocytes, and granulocytes and also assigns a notable negative score to 

erythrocytes in agreement with the literature (68,93) (Supplementary Fig. 3c). These simulations 

show Fatecode accurately identifies known cell fate regulators that have been reported in previous 

perturbation-based experimental studies. 

Furthermore, to evaluate the role of the top 200 genes detected by Fatecode for monocytes, 

we performed pathway enrichment analysis. Pathways that are significantly enriched in these 200 

genes include those related to the immune system, hemopoiesis, cell development, and cell 

differentiation, which agrees with their Fatecode-predicted role in monocyte development (Fig. 

4f). 

We extended our analysis to a larger hematopoiesis single-cell differentiation data that 

involves differentiation into twelve cell types (Supplementary Fig. 4a) (81). We applied Fatecode 

to detect genes that can increase the pool of undifferentiated cells in this system (Supplementary 

Fig. 4b). One candidate detected by Fatecode in this process is Entpd8, the deletion of which in 

mice elevates the neutrophil and monocyte population (94). Fatecode predictions are consistent 

with this experimental result. Fatecode also predicted Nlrp6 as a regulator of neutrophil and 

monocyte differentiation. Cai et al. showed that the number of hematopoietic stem cells and 

granulocyte-monocyte progenitors is reduced in Kp-infected Nlrp6-/- mice, while the survival of 

mature neutrophils in bone marrow is increased (95). We repeated gene set enrichment analysis 

using the top 200 genes detected by Fatecode. Biological processes related to mouse 

hematopoiesis, stem cell development, and metabolic signaling were enriched, showing that 

Fatecode can again capture relevant pathways for this biological process (Supplementary Fig. 4c).  

https://sciwheel.com/work/citation?ids=14346796,13654257&pre=&pre=&suf=&suf=&sa=0,0
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Figure 3-4: Fatecode accurately detects regulators and predicts the effect of single-cell perturbations. a, 

Hematopoiesis data from Paul et al. (80) visualized as a UMAP and clustered into 9 cell types. b,d, The 

results of in silico perturbations that change the initial cell frequency to the desired distribution (for b our 

objective is to promote monocytes while reducing the number of erythrocytes. As for d, we aim for an 

increase in the erythroid population and a decline in MEP and megakaryocytes). c,e, Gene prioritization 

scores per cell type for Irf8 and Cebpa. f, Pathway enrichment analysis results. Gene ontology (GO) 

biological processes show significant processes related to cell development and hematopoiesis. 

 

https://sciwheel.com/work/citation?ids=1028522&pre=&suf=&sa=0
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3.3.5 Fatecode detects important regulators in cell differentiation and lineage 

commitment in zebrafish 

We applied Fatecode to zebrafish hematopoiesis data (78) as an additional demonstration and test. 

From all possible perturbations on the latent layer performed by Fatecode, we selected ones that 

resulted in the greatest predicted relative increase in Hematopoietic Stem and Progenitor Cells 

(HSPCs) (Fig. 5a). As shown in Fig. 5b, following the perturbation, some cells (mostly monocytes) 

are predicted to switch to HSPCs (Fig. 5b). Fatecode gives a significant score to Signal Transducer 

And Activator Of Transcription 5A (stat5a) as one of the most important genes for HSPCs. Stat5a 

is a key regulator of normal hematopoiesis with pleiotropic roles in hematopoietic stem cells (96). 

Also, knockout studies have shown that the deletion of stat5a led to an increase in HSPC cycling, 

gradually reduced survival, and depleted the HSPC pool (97). Next Fatecode gives irf8 a high 

positive score for monocytes. Irf8  is a key regulator of monocyte development and it has been 

known to be important for myelopoiesis in different model organisms (98,99). It functions at an 

early step of the transcriptional program that governs differentiation from myeloid progenitors to 

monocytes/macrophages and plays a key role in stem cell renewal and maintenance (99,100). 

Fatecode also identified a strong negative connection between foxo3 and myeloid cell 

differentiation, consistent with foxo3 knockout studies, which show a significant increase in 

granulocyte/monocyte progenitors in the spleen, bone marrow, and blood and enhance short-term 

hematopoietic stem cell proliferation (101–103). Fatecode found an important role played by the 

otud gene family, a subgroup of deubiquitination enzymes, by assigning a high positive score 

between HSPCs and the otud gene family. Consistent with our prediction, knockout of otud genes 

in Xenopus results in developmental impairments (104). Also, elevated expression of otud genes 

leads to the acquisition of stem cell properties (105). Fatecode also predicted the negative score 

between thbs1 and HSPCs, where thbs1 has been previously shown to limit the expression of 

essential self-renewal transcription factors, including oct3 and oct4, sox2, klf4, and c-myc, within 

cells (106). Other key gene candidates identified by Fatecode for this perturbation are also known 

to be involved in hematopoiesis (Table 1). 
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Figure 3-5: In silico experiments to induce hematopoietic stem/progenitor cells using hematopoiesis in 

zebrafish. a, A series of latent layer perturbations and their effect on cell distribution. b, Cells that switch 

from their initial cell type to HSPCs are highlighted. 

 

Gene  Roles References 

cdk1 Plays an important role in the maintenance of 

pluripotency and genomic stability in human 

pluripotent stem cells. 

(107)  

top2a Controls the survival of human pluripotent stem 

cells. 

(108)  

hmgb2 Regulates hematopoietic stem cell maintenance. (109)  

ube2c Highly expressed in hESCs and is a biomarker of 

cancer stemness. 

(110,111)  
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fbxo11 Depletion leads to the hematopoietic population with 

stem cell characteristics 

(112)  

hmgn2 Facilitates the maintenance of active chromatin 

states required for stem cell identity in a pluripotent 

stem cell model. 

(113)  

aspm Regulates symmetric stem cell division by tuning 

Cyclin E ubiquitination. 

(114)  

myb Regulates hematopoietic stem cell and myeloid 

progenitor cell development. 

(115)  

kpna2 Exhibits strong interactions with oct4 in embryonic 

stem cells. 

(116)  

Table 3-1: List of zebrafish hematopoiesis regulator genes predicted by Fatecode with 

literature evidence for involvement in this process. 

 

3.3.6 Fatecode identifies cell fate regulators in mouse hippocampus 

development 

To demonstrate Fatecode on a larger biological dataset, we applied it to developing mouse 

hippocampus cell scRNA-seq data (79), composed of 18,213 cells and 3,001 genes. The data is 

clustered in 14 annotated cell types (Fig. 6a). We first sought to identify regulators in the 

differentiation process that preferentially increase mature granule cells (Fig. 6b). Fatecode predicts 

the ZFP gene family (Zfp94, Zfp189, Zfp706) as positively important in granule cell differentiation. 

The Zfp family is a definitive marker for the cerebellar granule neuron lineage and plays a critical 

role in granule cell specification within the developing cerebellum (117). For example, the lack of 

https://sciwheel.com/work/citation?ids=13805294&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=10280430&pre=&suf=&sa=0
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Zfp521 results in a significant reduction in the number of granule cells (118). Id2 and Id3 are 

important in maintaining the size and cellular structure of the brains of adult mice. It also has been 

shown that the absence of 𝐼𝑑2 leads to a decrease in the number of granule neurons (119,120). In 

line with this earlier research, Fatecode assigns a high positive score between both Id2 and Id3 for 

mature granule cells. These two transcriptional regulators have also been found to determine the 

fate of differentiating  CD8+ T cells (121). 

Next, we applied Fatecode to determine regulators that mediate the differentiation process 

which preferentially increases oligodendrocyte progenitor cells (OPC), and decreases granulocytes 

(both mature and immature) and oligodendrocytes. Fatecode predicted Igfbpl1 as having an impact 

on OPC to oligodendrocyte differentiation, which is consistent with published experimental 

studies (122,123). Furthermore, we considered Fth1, which provides neuroprotection and is 

enriched in oligodendrocytes. Mice lacking Fth1 have more microglia cells compared to the 

control and a significant reduction in neurons and oligodendrocytes (124). Fatecode accurately 

assigned a high positive score linking Fth1 to oligodendrocytes and mature granule cells and a 

negative score for Fth1 and microglia cells showing knocking out of Fth1 leads to an increase in 

microglia cells consistent with the experimental studies. Thymosin beta 4 (Tmsb4x) is a key 

candidate in the context of neurogenesis during brain development (125). Its expression is linked 

to neurogenic processes and exerts regulatory control over the expansion of the stem cell pool 

within the early neuroepithelium. The Tmsb4x gene knock-out elicits a pronounced effect on the 

differentiation process in vitro. Specifically, it significantly promotes the differentiation of stem 

cells, further emphasizing its role in orchestrating cellular fate determination (126). Our method 

correctly assigns a negative score for Tmsb4x and all cells except Neuroblasts and Radial Glia-like 

cells. To further validate the performance of Fatecode in detecting key genes, we performed 

pathway enrichment analysis on the top 200 Fatecode-predicted regulators. This analysis showed 

that pathways related to brain development, synaptic signaling, and protein synthesis were 

significantly enriched in these genes (Fig. 6c). 

To illustrate further downstream analysis that is possible based on Fatecode results, we 

applied SCENIC on the mouse hippocampus development dataset to construct a GRN consisting 
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of the top 2000 interactions based on their SCENIC Importance Measure (IM) scores which shows 

the significance of the input gene (referred to as the "TF") in determining the prediction outcome 

for the target (127). We then mapped the top 400 Fatecode-predicted regulators to the SCENIC-

inferred GRN. The resulting networks can be used as a guide for identifying specific GRN 

mechanisms to target in follow-up experiments (Ybx1 example, Supplementary Fig. 5) to test the 

regulatory relationships and potential roles of regulators in cellular reprogramming. While 

SCENIC predicts useful additional information to support experiment planning, it only considers 

transcription factor regulators. Other types of genes in Fatecode’s output can be identified as cell 

fate regulators and should also be examined. 

 

Figure 3-6 :Fatecode identifies key genes in mouse neurogenesis. a, UMAP embedding of fourteen 

major cell types. b, latent layer node perturbation leads to an increase in mature granule cells while 

https://sciwheel.com/work/citation?ids=4362786&pre=&suf=&sa=0
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a decrease in immature granule cells. c pathway enrichment analysis shows the relevant biological 

process using the top 200 genes selected based on their prioritization scores for mature granule 

cells. 

 

3.4 Discussion 

Cell reprogramming is a promising technology for tissue repair and regeneration, with the ultimate 

goal of accelerating recovery from diseases or injuries, as well as the development of novel 

therapies (128). An important component in successful cell reprogramming is to correctly identify 

the regulators and trajectories from single-cell transcriptomics data. However, the number of genes 

in these datasets is large and the number of underlying regulatory interactions is much larger. 

Recent studies have demonstrated that the expression of a single regulator is insufficient to produce 

an end-point phenotype (129). Instead, a group of control networks acts together across a variety 

of biological processes and pathways to induce a complete lineage conversion (130). To efficiently 

and accurately map these control networks, we have developed a deep learning method, Fatecode, 

which we have successfully applied to analyze diverse datasets. First, our method discovers an 

efficient architecture and latent layer for an input single-cell dataset. Then by performing 

operations on the latent layer, it is able to predict perturbations for cell fate reprogramming. 

Fatecode was validated using simulated scRNA-seq data with predefined regulators and by 

predicting regulators in a variety of scRNA-seq data and manually comparing the results to the 

literature. 

The fundamental idea in Fatecode is similar to the minimum Hamiltonian in physics and 

the potential energy landscape concept (131). The authors have shown that the most common 

autoencoders are naturally associated with an energy function, independent of the training 

procedure. This reasoning suggests that regulators can be seen as genes that allow the system to 

achieve a target cell type distribution via the most efficient path through the energy landscape. 

Fatecode uses the latent layer as a guide to determine what node in the latent layer must be 

perturbed to achieve the desired reprogramming effect. Then the decoder maps the modified latent 

layer to gene space for gene identification. It's also useful to understand if regulators are cell type-
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specific or not. For example, the mammalian target of rapamycin complex (mTORC1) is widely 

important in cell fate decision-making, and also important in the regulation of T-cell fate 

(19,20,132,133). Running Fatecode for different cell conversions can help identify cell-type 

specific and non-specific regulators. 

Fatecode can be thought of as an in silico CRISPR perturbation screen that identifies genes 

that may influence cell fate. Unfortunately, we were not able to find a published genome-wide 

CRISPR perturbation screen of an appropriate cell line and with a cell fate readout. Most genome-

wide CRISPR-screens use standard cell lines that are not naturally multi-potent and thus are not 

expected to generate multiple cell fates. CRISPR has been used to evaluate cell fate regulators, but 

only examining one or a few candidate genes in a single paper. We used these latter small-scale 

results to verify that Fatecode results agree with these experiments (cited publications in text). 

Because we couldn’t find genome-wide CRISPR screens with a cell fate readout, we used GRN 

simulations and small-scale CRISPR experiments to validate our findings. In the future, we hope 

genome-scale CRISPR screens for cell fate regulators will be published for us to compare to. 

Despite offering a useful input data representation, how the autoencoder latent layer 

represents the input data may be difficult to understand. Future work will need to better understand 

how the input data is represented and learned in the latent layer given diverse input data. However, 

our results showed that Fatecode predictions are relatively stable when changing the size of the 

latent layer, indicating that latent information is likely captured consistently. 

In conclusion, we developed an effective computational framework for predicting key 

players in cell fate control and the consequences of perturbations on cell type frequencies. 

Fatecode's modular design enables users to select an autoencoder architecture that produces an 

accurate model for their data. By leveraging the power of classification-supervised autoencoders 

and the associated energy manifold learning process, Fatecode generates useful hypotheses about 

genes that could be manipulated to achieve desired cell transitions. 

 

https://sciwheel.com/work/citation?ids=142759,11196196,12582297,4712468&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0


 

 55 

3.5 Method 

3.5.1 Deep representation learning 

Autoencoders are a class of neural networks with a latent layer capable of learning nonlinear 

representations of the input data in an unsupervised manner. An autoencoder consists of an encoder 

that maps the input to the latent space and a decoder which transfers the latent space back to the 

original space. It can be used for denoising, reducing dimensionality, or learning the representation 

(or manifold) of the data. We implemented three autoencoder architectures: under-complete 

AutoEncoder (AE), Variational AutoEncoder (VAE), and Conditional VAriational Encoder 

(CVAE) (88) (Fig. 1). AE has a single latent layer. VAE constrains the latent layer by modeling 

the latent space as a multivariate Gaussian distribution with a mean and a standard deviation. 

CVAE conditions the latent space on class labels and thus can generate data based on a given class 

label. The biological task for our autoencoder is to learn a reduced dimension representation of a 

cell by gene matrix capturing measurements of a single-cell transcriptomics experiment mapping 

cellular trajectories. Only the gene dimension is reduced, so the latent space describes a reduced 

representation of each input cell transcriptome. To make the latent layer more specific for our 

biological task, we added a cell type classification task to the standard regression tasks. The 

classification task, described in more detail below, predicts the type of each latent cell and 

compares it to a known input cell type. The training process works to optimize both classification 

and regression performance simultaneously. This reduces the space of latent layer candidates since 

not all possible latent layers are useful for the classification task. 

 

3.5.2 VAE 

VAE is a type of autoencoder that estimates a latent set of probability density functions that model 

the input data. Unlike AE, which learns an unconstrained representation of the data, VAE assumes 

a Gaussian distribution for the prior. An input gene by cell matrix X is run through an encoder, 

which generates parameters for the set of distributions Q(z | X). Then, from Q, a latent k-vector z 
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is sampled, and the decoder transforms z into an output, with the condition that the output is similar 

to the input, where k equals the number of components (or distributions) in the VAE. The VAE 

total loss consists of the reconstruction loss (first term) and the KL-divergence loss (second term): 

 

𝐷𝐾𝐿[𝑄(𝑧|𝑋)||𝑃(𝑧)] = −
1

2
∑[1 + 𝑙𝑜𝑔𝜎𝑘

2 − 𝜇𝑘
2 − 𝜎𝑘

2]

𝐾

𝑘=1

  

where 𝜇𝑘 and 𝜎𝑘 are the k-th components of output vectors 𝜇𝑘 (X) and 𝜎𝑘(X), respectively. 

3.5.3 CVAE 

CVAE is distinguished from VAE by its embedding of conditional information in the objective 

function. CVAE relies on two inputs: the features and the class labels, c, instead of using only the 

features, as is done with a VAE and AE. The CVAE architecture allows the encoder and the 

decoder to be conditioned by c. Hence, the variational lower bound objective is changed to the 

following form: 

 

 

3.5.4 Overall network architecture of Fatecode 

The Fatecode autoencoder architecture was chosen for each of the datasets analyzed in this study 

using a hyperparameter search (More details in Supplementary Note 1). Encoder and decoder 

architectures are constrained to have the same number of outer and inner layer nodes. For the 

analysis of hematopoiesis regulation in zebrafish, Fatecode consists of a fully connected encoder 

and decoder. The encoder and decoder are both two-layer networks of 92 (outer layer) and 48 

(inner layer) nodes with the LeakyReLU activation function and the latent layer has 18 nodes. For 

the analysis of hematopoiesis in mouse data by Weinreb et al. (81), the encoder/decoder has a 506-

node outer layer and a 253-node inner layer, and the latent layer has 125 nodes. For the mouse 
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hematopoiesis data by Paul et al. (80) the encoder/decoder has a 100-node outer layer and a 40-

node and the latent layer has 20 nodes. For the developing mouse hippocampus data, we used a 

two-layer encoder/decoder of 50 (outer), 26 (inner), and a latent layer of 15 nodes. Our model was 

built using software packages and libraries, including TensorFlow V2.10.0, scikit-learn V1.1.3, 

scanpy V1.9.1, numpy V1.23.4, and pandas V1.5.1. Differential gene expression analysis was 

performed using the Wilcoxon rank-sum test. To account for multiple testing, we applied the 

Benjamini–Hochberg correction to the calculated P-values obtained from the DEG analysis. Genes 

with a corrected p-value below 0.05 were considered statistically significant. For the identification 

of enriched gene ontology terms in our study, we used the GSEApy package V1.0.4 with its default 

parameter settings. 

 

3.5.5 Classification 

The classifier determines cell types using the latent layer as input to a single hidden layer and then 

an output layer (with one node per cell type), all fully connected. ReLu and softmax activation 

functions are used for the hidden and output layers, respectively. The number of nodes in the 

hidden layer is varied during the hyperparameter optimization. For adult zebrafish blood data (78), 

we use 15 and 5 nodes for the hidden and output layers, respectively. We use 25 and 12 nodes for 

classifying hematopoiesis in mouse data by Weinreb et al (81), 20 and 9 nodes for data from Paul 

et al (80), and 22 and 14 for the developing mouse hippocampus data (79). All cell labels are 

assigned by using the predefined cell type labels of the original studies. 

 

3.5.6 Identifying key regulators in cell differentiation 

Consider adjustments (e.g. one or more gene knock-outs or over-expressions) that will transition 

a baseline cell type distribution (“A”) to a given desired target distribution (“B”). For example, in 

the target cell distribution, our objective is to increase the number of cell type N while decreasing 
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the number of cell type P (Supplementary Figure 1). To detect genes that are important in a given 

transition, Fatecode analyzes the effects of perturbations on cell fate by systematically perturbing 

individual autoencoder latent nodes learned from a single-cell transcriptomics data set capturing 

cellular trajectories. Each latent variable perturbation results in a single-cell transcriptome through 

the decoding process and a corresponding cell type distribution, proceeding as follows after 

training Fatecode: 

1. The gene expression data, denoted as E, corresponding to a mixture of cells with cell type 

distribution A, undergoes encoding to produce a matrix of latent variables represented as 

𝑋 (𝑋 = 𝑒𝑛𝑐𝑜𝑑𝑒𝑟(𝐸)). Each column of 𝑋 is associated with a cell in E; each row 

corresponds to a latent variable). 

2. In a series of simulations, finite perturbations of different sizes 𝑲 (e.g., from a 50% 

reduction to a 10-fold increase) are applied to each row j (number of latent variables) in 𝑋 

sequentially. For each perturbed latent layer row, 𝑋𝑗
∗ 

𝑋𝑗
∗ = 𝑘𝑋𝑗 

3. We then run the cell type classifier trained within Fatecode on the perturbed latent layer to 

predict the cell type distribution for each across all perturbation conditions. 

𝑁𝑒𝑤𝑐𝑒𝑙𝑙 𝑡𝑦𝑝𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 = 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟(𝑋𝑗
∗) 

4. Then, we can identify a perturbed latent layer row, 𝑋𝑗
∗, and its associated perturbation size, 

k, that is closest to the desired target distribution B. 

5. To identify genes important for the transition from cell type distributions A to B, we 

compute the difference between the selected 𝑋∗ and the 𝑋 latent layers. For instance, if 

increasing latent node #9 5-fold can best approximate the desired distribution B, then the 

difference between the selected 𝑋∗ and 𝑋 latent layers is a latent node by cell matrix with 

all zero entries, except for the 9th row, which is 5 times 𝑋9. 
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6. With this selected perturbation matrix (𝑋∗ − 𝑋), the decoder produces a gene-by-cell 

matrix. Then the average gene expression profile of all cells in each cell type is computed, 

resulting in a gene by cell_type matrix M. The (i,j)-th entry of M is the prioritization score 

for the i-th gene in cell_type j. 

7. To identify the regulators predicted to be important for transitioning initial cell type 

distribution A to target B, we rank the genes based on their prioritization scores for a cell 

type of interest. 

 𝑅𝑒𝑔𝑢𝑙𝑎𝑡𝑜𝑟𝑠 = 𝑠𝑜𝑟𝑡(𝑀𝑑𝑒𝑠𝑖𝑟𝑒𝑑 𝑐𝑒𝑙𝑙 𝑡𝑦𝑝𝑒) 

We note that M does not directly specify how much each gene should be perturbed to yield target 

B. Nonetheless, M contains information about genes that are important in transitioning cell type 

distribution from initial state A to the desired state B. This idea is similar to the minimum 

Hamiltonian and potential energy in physics or the optimal path with the least action (131).  

We also examined the model's performance in detecting regulators when operating on the output 

of the decoder compared to the latent layer. To achieve this, we fed the perturbed vector to the 

decoder and subtracted the result from the unperturbed condition. We then investigated the genes 

that showed significant changes. Our results indicate that working on the latent layer led to better 

outcomes in detecting regulators than operating on the output of the decoder. This observation is 

in line with previous research in computer vision and natural language processing, where using 

the latent space consistently yielded superior results compared to the original data space (83,134). 

We assume this is true in general when using an autoencoder with a non-linear activation function 

with reasonably complex data, as we have in biology (in contrast to the linear activation function 

case where 𝐷𝑒𝑐𝑜𝑑𝑒𝑟(𝑋𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑒𝑑) − 𝐷𝑒𝑐𝑜𝑑𝑒𝑟(𝑋) = 𝐷𝑒𝑐𝑜𝑑𝑒𝑟(𝑋𝑝𝑒𝑟𝑡𝑢𝑟𝑏𝑒𝑑 − 𝑋)). 

 

https://sciwheel.com/work/citation?ids=13332524&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12072825,15511961&pre=&pre=&suf=&suf=&sa=0,0
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3.5.7 Data visualization 

Python package “UMAP” was used to visualize the latent layer as a reduced dimensionality space. 

Network visualizations used Cytoscape (135). 

 

3.5.8 Differential expression analysis  

Differential gene expression analysis was performed using the Wilcoxon rank-sum test. To account 

for multiple testing, we applied the Benjamini–Hochberg correction to the calculated P-values 

obtained from the DEG analysis. Genes with a corrected p-value below 0.05 were considered 

statistically significant. For scFates we used the default parameters. For the identification of 

enriched gene ontology terms in our study, we used the GSEApy package V1.0.4 with its default 

parameter settings. 

 

3.5.9 Data preprocessing 

The scRNA-Seq gene expression data is log normalized, scaled, and centered. In the training 

process, 80% of the data is allocated for training the classification autoencoder, while the 

remaining 20% is utilized for testing purposes. 

3.5.10 Data availability 

The datasets used in the present study are openly accessible in public repositories. The zebrafish 

hematopoiesis data can be found under the accession number E-MTAB-5530 on ArrayExpress. 

We downloaded a preprocessed version of the “Dentate Gyrus neurogenesis” data (under accession 

number GSE95753) from https://scvelo.readthedocs.io/en/stable/. The hematopoiesis Paul et al. 

data can be downloaded from the GEO under accession code GSE72859 and the preprocessed 

version was downloaded from https://celloracle.org/. To generate simulated data we used the same 

parameters for the differential equations as in https://github.com/PayamDiba/SERGIO (77). The 

https://sciwheel.com/work/citation?ids=15521476&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=9570265&pre=&suf=&sa=0
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hematopoiesis Weinreb et al. data can be downloaded from GEO under accession number 

GSE140802 and the preprocessed version was downloaded from 

https://cospar.readthedocs.io/en/latest/. 

 

3.5.11 Code availability 

Code supporting this study is available on: https://github.com/MehrshadSD/Fatecode 

 

https://cospar.readthedocs.io/en/latest/
https://github.com/MehrshadSD/Fatecode
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Chapter 4 

Discovering Governing Equations of Biological Systems 

through Representation Learning and Sparse Model 

Discovery 

This chapter presents CLERA, a novel computational framework for uncovering dynamic models 

and identifying active gene programs from single-cell RNA sequencing data. By combining a 

supervised autoencoder with Sparse Identification of Nonlinear Dynamics, CLERA uses prior 

knowledge to extract low-dimensional representations and reveal the driving forces behind cellular 

processes. It pinpoints central genes, reconstructs gene expression dynamics, and captures key 

regulatory genes and temporal patterns across various cell types using personalized page rank. The 

research titled Discovering Governing Equations of Biological Systems through Representation 

Learning and Sparse Model Discovery was conducted in collaboration with Vasu Swaroop (an 

undergrad student in our lab at the time of the study), and is currently under review in Nucleic 

Acids Research journal (2). The author list on the publication is below: 

 

Mehrshad Sadria1, Vasu Swaroop2 

1 Department of Applied Mathematics, University of Waterloo, Waterloo, Ontario N2L 3G1, 

Canada. 

2 Department of Computer Science Information Systems, BITS-Pilani, Pilani Campus, Pilani, 

333031, India 

 

4.1 Overview 

Understanding the governing rules of complex biological systems remains a significant challenge 

due to the nonlinear, high-dimensional nature of biological data. In this study, we present CLERA, 

a novel end-to-end computational framework designed to uncover parsimonious dynamical models 

and identify active gene programs from single-cell RNA sequencing data. By integrating a 

supervised autoencoder architecture with Sparse Identification of Nonlinear Dynamics, CLERA 

https://sciwheel.com/work/citation?ids=17003553&pre=&suf=&sa=0&dbf=0
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leverages prior knowledge to simultaneously extract related low-dimensional representation and 

uncovers the underlying dynamical systems that drive the processes. Through the analysis of both 

synthetic and biological data, CLERA demonstrates robust performance in reconstructing gene 

expression dynamics, identifying key regulatory genes, and capturing temporal patterns across 

distinct cell types. CLERA’s ability to generate dynamic interaction networks, combined with 

network rewiring using Personalized PageRank to highlight central genes and active gene 

programs, offers new insights into the complex regulatory mechanisms underlying cellular 

processes. 

 

4.2 Introduction 

Across many scientific disciplines, discovering governing equations has traditionally served as the 

cornerstone of understanding systems (46). Derived from mathematical and physical laws, these 

equations provide interpretable and generalizable frameworks for explaining and predicting 

various phenomena. In areas such as biology (20), epidemiology (18), and finance (136), 

mathematical models are used to model signalling pathways, population dynamics, and disease 

spread, and market fluctuations, respectively. However, for complex systems with high 

dimensionality and nonlinearity, including biological processes, traditional approaches often fall 

short (137). Discovering the main equations governing these systems can be challenging, and even 

when partial knowledge exists, relying solely on first principles becomes impractical (138). 

The modern era, with its abundance of data and computational power, has facilitated the 

emergence of data-driven model discovery as a powerful paradigm in scientific exploration (41). 

This approach directly leverages data to uncover the hidden principles that govern complex 

systems. In the context of cellular biology, single-cell RNA sequencing (scRNA-seq) provides an 

unprecedented window into individual cells, which offers insights into gene expression variation 

across diverse cellular populations (139). By analyzing this data, researchers can investigate the 

molecular machinery underlying development, disease, and response to external perturbation 

(4,24). The noisy, nonlinear, and high-dimensional characteristics of scRNA-seq data and the 

https://sciwheel.com/work/citation?ids=8428658&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12582297&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15111139&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16873597&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15616337&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16865694&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=4891111&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16867371&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14694107,16866593&pre=&pre=&suf=&suf=&sa=0,0
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biological processes it captures pose significant challenges for analysis and interpretation (140). 

These complexities make it difficult to uncover the underlying principles of biological processes 

and pinpoint their key drivers (141). While previous methods have achieved success in specific 

tasks, limitations remain. For instance, the correlative nature of most methods prevents them from 

capturing causal features and true representations, thus limiting their generalizability (142). 

Furthermore, these models struggle to discover governing relationships among underlying 

variables in a parsimonious manner, similar to classical physics settings, which further hinders true 

interpretability. Therefore, a crucial step in understanding any biological process lies in developing 

models that not only can accurately predict but also reveal the underlying connections between 

features in an interpretable and parsimonious manner (42). This ensures the models can be applied 

across diverse environments and provides clearer insights into the mechanisms governing the 

process (46).  

In the realm of high-dimensional biological data like scRNA-seq, the ability to capture 

causal representations of the data becomes particularly valuable. This approach goes beyond 

identifying correlations and allows us to understand the true relationships between variables (143). 

In this context, identifiability, the ability to uniquely recover the underlying causal structure from 

observed data, becomes a crucial aspect of representation learning. Traditional methods like 

Independent Component Analysis (ICA) have achieved success in many areas of linear 

representation learning (40). In fact, if all latent components are non-Gaussian and independent, 

ICA can be identifiable. However, ICA struggles with the inherent nonlinearities and complex 

interactions present in biological data (40). While perfect identifiability, especially in non-linear 

settings, remains a challenge, incorporating temporal structure, employing additional tasks, or 

using auxiliary information can facilitate the way to attain identifiability (144,145). Notably, 

autoencoders can offer a promising avenue for achieving identifiability in non-linear settings 

(146). By carefully designing their architecture and loss function, autoencoders can help extract 

meaningful representations from complex biological data (1,5,66,147). 

 

https://sciwheel.com/work/citation?ids=17086&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=6994010&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15885594&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16493030&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=8428658&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15308355&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15711140&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15711140&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16868961,16914367&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=16914377&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=7244120,16869167,16657868,6318216&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
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In this work, we present CLERA (Cellular Latent Equation and Representation Analysis), a novel 

end-to-end computational framework that combines the power of data-driven model discovery, 

specifically Sparse Identification of Nonlinear Dynamics (SINDy), and representation learning. 

Leveraging a supervised autoencoder architecture, CLERA simultaneously extracts a compact and 

relevant representation from high-dimensional data and uses it to discover the underlying low-

dimensional, non-linear dynamical model governing the system. This learned embedding further 

allows us to not only identify active gene programs and key genes but also track their transitions 

over time across cell types, providing insights into the complex dynamic regulatory mechanisms 

of biological systems. We validate CLERA's performance on both simulated data (with known 

active gene programs) with different sizes and real-world biological datasets. 

 

4.3 Result 

4.3.1 Discovery of Dynamical Systems and Gene Programs from Simulated 

Data 

We first investigate the performance of the SINDy part of CLERA in discovering the underlying 

governing equations of a simple simulated biological system with two driver genes (Fig. 1a). The 

dynamics of this system are described by a well-established set of differential equations commonly 

used in various biological contexts such as the lac operon, metabolic signalling pathways, and the 

cell cycle (148). Synthetic data is generated using this system of equations with varying noise 

levels. We then apply SINDy, to recover the equations. Notably, the governing equations are 

discovered with high accuracy. Figure 1a shows this successful reconstruction, with the recovered 

parameters closely mirroring the original values (Method section). Also, the results from solving 

the discovered differential equation closely match the generated data, further validating the 

accuracy of the equations discovered (Fig. 1b). 

Then to evaluate the performance of CLERA in a more realistic scenario with a larger 

dataset, we apply it to simulated data generated by SERGIO, which incorporates various types of 

noise for realistic data generation (77). We train CLERA on a simulated dataset, with 6300 cells 

https://sciwheel.com/work/citation?ids=15251307&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=9570265&pre=&suf=&sa=0
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across 100 genes and nine distinct cell types. We hypothesize that an optimal representation 

learned by the model should not only achieve high accuracy in data reconstruction (autoencoder 

loss) but also should perform well in tasks such as cell type classification and sparse dynamical 

model discovery.  

To address stochasticity and ensure robustness in finding the optimal latent embedding, we 

run CLERA multiple times (50 for this data) using various initial conditions. We select the model 

with the lowest combined loss (method section) while also prioritizing parsimony in the discovered 

model. In our analysis, we observe that CLERA successfully identified a latent embedding with 

high accuracy in both reconstruction and classification (Supplementary Figure 1, Supplementary 

Figure 5a). 

We then leverage the representation learned by CLERA to identify active gene programs 

and their dynamics over time. To uncover the connection between latent nodes and genes we 

compute SHAP (149) values between each node in the autoencoder's latent layer and genes and 

rank the identified genes based on their SHAP values (choosing the top 30 genes for each node). 

Using the results from the SHAP method and the discovered differential equations, we construct a 

network of interactions between latent nodes and genes. We then apply Personalized PageRank 

(PPR) to this network, starting from each gene, to identify the most relevant genes for the selected 

gene (150). This approach enables us to refine the network by selecting only the top connected 

genes with the highest PPR scores while filtering out the latent nodes. A clustering algorithm is 

applied to this graph to detect the gene programs. Given that CLERA can uniquely incorporate a 

time component, this process can be done for different stages of the trajectory and cell types. To 

assess CLERA's performance in capturing active gene programs, we perform the same clustering 

analysis on the SERGIO ground truth network and compare the resulting clusters obtained (Fig. 

1c for celltype7). We also observed a high degree of similarity between the gene programs of the 

SERGIO predefined network and the identified gene interaction networks for each cell type, as 

measured by the Jaccard similarity. This suggests that the latent embedding learned by CLERA 

can effectively capture active gene programs (Fig. 1d).  

https://sciwheel.com/work/citation?ids=13120251&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=10941102&pre=&suf=&sa=0
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Figure 4-1. CLERA discovers dynamical systems and gene programs from simulated data. a, 

Schematic of a two-gene regulatory network (G₁ and G₂) with discovered governing equations and 

parameters shown. b, Comparison of generated gene expression data (top) and solutions from equations 

discovered by SINDy (bottom) for the two-gene system over time. Gene 1 and Gene 2 expression levels 

are plotted against time. c, Gene interaction networks for cell type 7 derived from SERGIO ground truth 

(top) and CLERA (bottom). Nodes represent genes, coloured by gene programs identified through 

clustering. d, Heatmaps showing Jaccard similarity between SERGIO and CLERA-derived gene program 

clusters across nine cell types (CellType0 to CellType8). Colour intensity indicates the degree of similarity, 

with lighter colours representing higher similarity and darker colours lower similarity.  

 

4.3.2 CLERA Uncovers Dynamics and Gene Programs in Pancreatic 

Development 

We further evaluate CLERA on biological scRNA-seq data from mouse pancreas during 

embryonic development. This dataset comprises 3696 cells, with 27998 genes clustered into eight 

distinct cell types (89). Following hyperparameter optimization and preprocessing, we trained 

CLERA several times with varying initializations (Methods), using the gene expression and 

computed pseudotime (cell ordering) information. CLERA successfully identifies a set of sparse 

and interpretable differential equations with all individual loss terms in our total loss function 

decreasing (Fig 2a, Supplementary Figure 2). Also, we observe the temporal dynamic of different 

latent variables captures distinct patterns for each cell type (Fig. 2b, Supplementary Figure 9a). 

CLERA also achieves a high classification accuracy using the latent variables where certain latent 

variables emerge as dominant predictors for individual cell types (Supplementary Figure 5b, 

Supplementary Figure 7). 

To explore the connection between latent nodes and genes, we calculate the SHAP values 

(151) for each gene-latent node pair and identify the top "K" genes (K=300 for this data) connected 

to each latent node, ranked by their absolute values. Using the discovered equations (latent node-

latent node interaction) and SHAP values (gene-latent node interaction), we generate a series of 

interaction graphs for various stages of pancreas development (Fig. 2c). Unlike traditional network 

inference methods, which only produce a static graph for the whole process, our approach captures 

dynamic graphs over time. Next, we apply a clustering algorithm to the interaction graphs to 

https://sciwheel.com/work/citation?ids=7174849&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14468170&pre=&suf=&sa=0
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identify groups of interconnected and potentially co-regulated genes. These graphs, representing 

different stages of pancreatic development, allowed us to observe changes in gene interactions 

over time. To understand the similarity of active gene programs across different cell types, we 

analyze the clustering results for a specific cell type and transfer the identified gene colours to the 

analysis of other cell types (Fig. 2d). We observe a high degree of similarity in shared genes for 

cluster 1 among Ductal, Ngn3 low EP, and Ngn3 high EP cell types. Analyzing these shared genes 

reveals several previously known key genes, such as Sox9, Neurog3, Hes1, Foxa3, and Nfib, as 

well as important signalling pathways like Wnt, Notch, and TGF-β (152). Furthermore, Gene Set 

Enrichment Analysis reveals several pathways related to pancreatic development, demonstrating 

the biological relevance of the gene programs discovered by CLERA (Fig. 2e). Interestingly, 

CLERA also captures pathways involved in neurogenesis and neural development, which aligns 

with previous studies and highlights the molecular and cellular similarities between pancreatic and 

neural cell differentiation (89,153). 

To identify key and central genes for each cell type, we restructure the interaction network 

using the PPR technique to remove latent nodes. This network rewiring allows us to focus directly 

on gene interactions. We then apply centrality measures to the restructured network to identify the 

most influential genes for each cell type (Fig. 2f, Supplementary Figure 10a). As a result of the 

centrality analysis, several key genes are identified, including Spp1 (154), a regulator of the 

epithelial-mesenchymal transitory axis and duct cell de-differentiation; Chgb (155), a 

neuroendocrine cell marker; and Neurog3 (156,157), crucial for endocrine cell differentiation. The 

analysis also confirms the central roles of Ins1 and Ins2 in beta cell function, along with Clu (158) 

and Sox9 (159), both critical for progenitor cell maintenance and differentiation. CLERA correctly 

captures these key genes, aligning with prior studies that emphasize their importance in pancreatic 

development. 

https://sciwheel.com/work/citation?ids=16870436&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=7174849,11325090&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=10122352&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16870449&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=4470939,2346607&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=9810168&pre=&suf=&sa=0
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Figure 4-2: CLERA uncovers dynamics and gene programs in pancreatic development. a, Discovered 

differential equations governing mouse pancreas development data from scRNA-seq, showing sparse and 

interpretable models and connections between latent variables. b, Temporal dynamics of latent variables, 

which illustrate distinct patterns across cell types. c, Interaction graphs for various stages of pancreatic 

development, show dynamic gene interactions over time for different cell types. d, Clustering results 

showing gene program similarities across cell types, with shared genes in cluster 1 among Ductal, Ngn3 

low EP (endocrine progenitor), and Ngn3 high EP cell types. e, Gene Set Enrichment Analysis results 

indicating pathways related to pancreatic development and neurogenesis. f, Degree centrality analysis 

identifying key genes for each cell type, including Spp1, Chgb, Neurog3, Ins1, Ins2, Clu, and Sox9.  

 

4.3.3 CLERA Reveals Central Genes and Dynamics in Hematopoietic 

Differentiation 

Next, we investigate bone marrow development, examining the differentiation of hematopoietic 

stem cells (HSPCs) into erythroids, monocytes, and dendritic cells (DCs). This dataset comprises 

5780 cells and 14319 genes clustered into 10 distinct cell types (73). 

To enhance CLERA's performance on this data, we apply transfer learning from our 

previous pancreas study (method section). By initializing CLERA with pre-trained weights, we 

leverage the knowledge and relationships obtained from the previous part, which results in a faster 

optimization and more accurate representation of the data. Also, we observe a decrease across all 

components of the loss function, showing that all loss terms were effectively optimized and also 

parsimonious discovered equations (Fig. 3a, Supplementary Figure 3). Furthermore, investigating 

the latent space shows that the temporal dynamics of different latent variables capture distinct 

patterns for each cell type, which shows that the embedding learnt by CLERA can identify and 

characterize unique behavioural signatures for each cell type (Fig. 3b, Supplementary Figure 9b). 

We observe that the latent embedding discovered by CLERA achieves high classification accuracy 

and also shows distinctive cell type-level differentiation, where specific latent variables drive the 

classification of particular cell types (Supplementary Figure 5c, Supplementary Figure 8). 

Then, by identifying top genes using the SHAP method and leveraging the discovered 

equations, we generate a series of graphs representing different stages of bone marrow 

development (Fig. 3c). Through clustering analysis on these graphs, we identify groups of co-

https://sciwheel.com/work/citation?ids=6682415&pre=&suf=&sa=0
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regulated genes at each developmental stage (Fig. 3d). Moreover, using label transfer techniques, 

we identify a significant similarity in co-regulated genes between precursors (cluster 1), monocytes 

(cluster 3 in Mono_1 and cluster 2 in Mono_2) and DCs (cluster 0). Some of the key genes 

discovered have been shown to be crucial for monocyte development, including ID2, TYROBP, 

FLT3, PDE4B, and GLIPR1(160–162). We also observe a strong similarity between the two 

erythroid subpopulations Ery_1 and Ery_2, particularly between clusters 1 and 3, and between 

clusters 2 and 1. Similarly, the monocyte subpopulations Mono_1 and Mono_2 show considerable 

overlap, with cluster 3 in Mono_1 closely aligning with cluster 1 in Mono_2, cluster 2 in Mono_1 

resembling cluster 0 in Mono_2, and cluster 0 in Mono_1 closely matching cluster 2 in Mono_2. 

This suggests that these subpopulations have many common genes, which shows similarities in 

their developmental pathways and active gene programs. 

To identify the critical genes within these networks, we apply PPR for network rewiring, 

which allows us to remove latent nodes and focus on direct gene interactions. Centrality measures 

then pinpoint key genes driving cellular differentiation during hematopoiesis (Fig. 3e, 

Supplementary Figure 10b). MPO (163), crucial for neutrophil differentiation, is identified as a 

key myeloid marker, while HOPX (163) emerges as a regulator of primitive hematopoiesis, 

guiding early progenitor cell fate. Malat1 (164), known for regulating gene expression in 

hematopoietic stem cells, and FOS (165,166), linked to cell proliferation and differentiation under 

cytokine signalling, are also highlighted. Also, CD52 (167), a marker of mature lymphocytes, 

FAm30A, which has shown links to immune response regulation and other hematopoietic lineages, 

and CD74 (168), essential for antigen presentation in immune cells, are captured. CLERA 

effectively identified these genes, which align with their known roles in hematopoiesis. 

https://sciwheel.com/work/citation?ids=14923549,8949253,3877512&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0&dbf=0&dbf=0&dbf=0
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Figure 4-3. CLERA reveals central genes and dynamics in hematopoietic differentiation. a, 

Differential equations discovered for bone marrow development data, showing connections between latent 

variables. b, Temporal dynamics of latent variables, with distinct patterns across cell types. c, Interaction 

graphs for different stages of bone marrow development, which capture dynamic gene interactions for each 

cell type. d, Clustering analysis of co-regulated gene groups at each developmental stage, with significant 

similarities between precursors, monocytes, DCs, and among Ery-1 and Ery-2, Mono-1 and Mono-2 

subpopulations. e, Degree centrality analysis identifies key genes driving cellular differentiation, including 

Mpo, HOPX, Malat1, FOS, CD52, FAM30A, and CD74. 

 

4.4 Discussion 

Here we introduce a novel method, CLERA which represents a significant advancement in our 

ability to uncover the underlying principles governing complex biological systems. CLERA 

integrates data-driven model discovery and representation learning, to provide a robust way for 

uncovering interpretable and parsimonious dynamical models from high-dimensional scRNA-seq 

data. The ability to simultaneously learn coordinates and governing equations is perhaps the most 

complementary approach to traditional physics modelling. While classical methods rely on 

predefined equations based on known physical laws, CLERA also allows the data to guide the 

discovery of both the relevant coordinates (latent representation) and the equations that govern 

their dynamics. This approach is particularly valuable in biological systems where the underlying 

mechanisms are often complex and not fully understood. 

Our results demonstrate CLERA's ability to accurately recover governing equations from 

both simulated and real-world biological data. In the simple simulated biological system, CLERA 

precisely predicts the governing equations, even under varying noise levels. This performance is 

further validated with a larger simulated dataset generated by SERGIO, which incorporates 

realistic noise patterns, showing CLERA's accuracy in modelling complex, high-dimensional data. 

When applied to real-world datasets from the pancreas and bone marrow development, CLERA 

leads to biologically relevant insights. The model effectively identifies key genes through network 

rewiring and centrality measures, as well as detecting active gene programs involved in these 

processes aligned with previous experimental studies. Another key strength of CLERA lies in its 

ability to capture the temporal dynamics of gene programs. Unlike traditional network inference 
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methods that produce static graphs, CLERA generates dynamic interaction networks that evolve 

over time across cell types. This temporal aspect is crucial for understanding differences in 

complex regulatory mechanisms of cellular processes such as differentiation and development. 

The identification of potentially novel key genes and gene programs, along with their temporal 

progression, can present new opportunities for further experimental exploration of dynamic 

cellular processes. 

CLERA integrates multiple components in its loss function to address the challenges of 

unsupervised learning of identifiable nonlinear representations. The combination of reconstruction 

loss, classification loss, and SINDy losses introduces inductive biases that guide the model toward 

learning more meaningful and interpretable embeddings. This comprehensive loss function 

imposes constraints on latent dynamics, to ensure consistency with known biological principles 

while maintaining the flexibility to discover new relationships from the data. By balancing these 

different loss components, CLERA achieves a robust and parsimonious framework for uncovering 

interpretable dynamical models. Also, the use of transfer learning from the pancreas to the bone 

marrow dataset demonstrates the model's adaptability and potential for generalization across 

different biological contexts. This approach not only improves performance but also suggests that 

certain learned representations may be conserved across different developmental processes. 

In CLERA, we intentionally avoid assuming independence between latent variables, 

diverging from some recent methods (169). In biological systems, the strict assumption of 

independence can be problematic, as many genes participate in multiple programs simultaneously. 

This interconnectedness makes it challenging to capture the true nature of these systems with 

models that enforce strict independence. By allowing for overlapping gene programs and complex 

interactions, CLERA’s approach is better suited to reflect the complexity and reality we have in 

biology. We believe by not imposing independence between latent variables, CLERA can more 

accurately model the temporal dynamics and complex interactions captured by ODEs, leading to 

a better understanding of the underlying biological processes. 

A critical aspect of using SINDy for Ordinary Differential Equation (ODE) discovery in 

biological systems is the question of whether there is a single unique way to represent (model) a 

https://sciwheel.com/work/citation?ids=13549011&pre=&suf=&sa=0
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given process or if multiple valid representations exist. While CLERA effectively recovers 

governing equations from data, it's important to recognize that the method may yield different but 

equally valid solutions due to its consideration of linear transformations and rotations of the 

underlying dynamical systems. This inherent flexibility reflects the possibility that processes might 

not have a singular unique representation, but rather several that are mathematically equivalent yet 

distinct in form. This raises an important challenge in interpreting the biological significance of 

the discovered ODEs, as it suggests that multiple models could potentially describe the same 

underlying process. Especially for systems with limited prior knowledge, further investigation is 

needed to determine whether this flexibility captures biological variability or whether it points to 

the need for additional constraints to narrow down the solution space to the most biologically 

relevant model. 

Despite its strengths, CLERA has some limitations that should be addressed in future work. 

First, the model's performance is sensitive to hyperparameter choices, particularly the dimension 

of the latent space and library of candidate functions. Developing more robust methods for 

automatic hyperparameter tuning could improve the model's consistency. Second, while CLERA 

can handle noise in the data to some extent, high noise levels can still impact its performance. 

Further improvements in denoising and data preprocessing techniques could enhance the model's 

robustness. Third, the interpretation of the learned latent space and governing equations requires 

careful consideration. While we have shown that the model captures biologically relevant 

information, additional work is needed to develop standardized methods for interpreting these 

results in the context of specific biological questions. 

In conclusion, CLERA represents a significant step forward in our ability to uncover the 

governing principles of complex biological systems from high-dimensional scRNA-seq data in a 

parsimonious and generalizable manner. By bridging the gap between data-driven discovery and 

mechanistic understanding, this approach has the potential to deepen our understanding of cellular 

processes and the interactions between active gene programs. 
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4.5 Methods 

4.5.1 Autoencoders  

An autoencoder is a neural network architecture consisting of an encoder and a decoder (170). The 

encoder compresses high-dimensional input data into a lower-dimensional latent representation 

reducing dimensionality while preserving essential information. The decoder reconstructs the 

original data from this latent representation. Regularizations and architectural choices can be 

applied to constrain the latent embeddings, influencing their quality and utility. This flexibility 

allows autoencoders to be used for dimensionality reduction, feature learning, and data denoising. 

Training involves minimizing the reconstruction error, typically measured by mean squared error, 

to align the input with its reconstruction. For an input X, the encoder E produces latent embeddings 

z = E(x), which the decoder D uses to reconstruct the input as X̂ = D(z). The reconstruction loss 

guides the optimization process so that the latent layer accurately captures the input data. The 

reconstruction loss for inputs is given by: 

𝑅𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠 =
1

𝑛
  ∑(𝑋𝑖 − 𝑋𝑖̂)

2
𝑛

𝑖=1

 

4.5.2 SINDy and SINDy autoencoder 

SINDy is a regression technique used to discover a best-fit dynamical system from training data 

(41). It takes input data  and predicts a system of ODEs as , where  is a library 

of candidate functions composed of basis functions that we want SINDy to model. SINDy selects 

a subset of active terms from these candidates, promoting parsimony in the model, resulting in a 

simpler and more interpretable model that captures the essential dynamics. For  input snapshots, 

we stack them to form  and compute the corresponding derivatives 

. The library is constructed as 

, where  is the length of the candidate library, and 

 are the candidate model terms. The coefficient matrix can be represented as

https://sciwheel.com/work/citation?ids=377519&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=4891111&pre=&suf=&sa=0
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, where 𝜉𝑖 contains the coefficients for the library functions of 

differential equation i.  

 

To address the challenge of high-dimensional data, SINDy autoencoders leverage an 

autoencoder to find a low-dimensional state , where  is the time-series input,  is the 

latent embedding, and  is the encoder (46). We incorporate sparse regression into the autoencoder 

training to facilitate the simultaneous discovery of latent embeddings and the corresponding ODE. 

The SINDy Autoencoder finds a latent dimension , where  is the size of the latent 

embedding, and an associated dynamic model , where  has few active terms. 

We train the autoencoder with additional SINDy losses as regularizations to ensure that the 

latent embeddings have a parsimonious model representation. The reconstruction loss, 

  is used which ensures accurate embeddings, while the SINDy weight 

regularization, 𝐿𝑆𝐼𝑁𝐷𝑦𝑅𝑒𝑔 = ||𝛯||1 promotes sparsity of the coefficients. We also define two 

SINDy losses: , which enforces accurate prediction of 

dynamics, and , which reduces the error between the real-time 

derivatives of the input and the predicted derivatives using SINDy. We threshold the coefficients 

below a certain magnitude at regular intervals to promote parsimony. Finally, we conduct an 

additional refinement phase without  loss and thresholding for a few epochs to refine the 

coefficients. 

 

4.5.3 Overview of CLERA  

CLERA is a deep learning-based model discovery method designed to uncover parsimonious and 

interpretable dynamical systems and active gene programs. It employs a specialized loss function 

to facilitate the joint discovery of a low-dimensional, interpretable latent space. The method's 

architecture integrates multiple key components to analyze gene expression data. At its core, 

https://sciwheel.com/work/citation?ids=8428658&pre=&suf=&sa=0
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CLERA processes gene expression data to generate a cell-by-latent embeddings matrix. This latent 

representation serves as a crucial intermediate step, enabling three primary functions: 

1. Data Reconstruction: A decoder network uses latent embeddings to reconstruct the 

original count matrix. 

2. Cell-Type Classification: The latent space is used to classify distinct cell types within 

the dataset. 

3. Dynamical System Discovery: CLERA incorporates SINDy to uncover a system of 

ODEs. These ODEs describe the temporal dynamics and interactions of the latent 

embeddings over the underlying biological processes. 

This integration allows CLERA to simultaneously capture cell identities, gene expression patterns, 

and temporal dynamics.  

Unsupervised learning of identifiable nonlinear representations has long been recognized 

as theoretically impossible without incorporating inductive biases or suitable constraints on the 

model (40). This fundamental challenge in representation learning has led researchers to explore 

various approaches to learn meaningful and causal representations of complex data. Autoencoders 

have emerged as a powerful tool for unsupervised representation learning, capable of discovering 

useful coordinate transformations and dimensionality reductions. However, while autoencoders 

can be trained in isolation, there is no guarantee that the learnt coordinates will be associated with 

sparse and physical dynamical models. To address this, CLERA integrates multiple components 

to learn interpretable and dynamically meaningful representations. By simultaneously training an 

autoencoder and a SINDy model, we constrain the network to learn coordinates associated with 

parsimonious dynamics. Also, CLERA incorporates a classifier connected to the latent embedding, 

leading to joint optimization of reconstruction, dynamics modelling, and classification tasks. By 

adding the classification task, the model can leverage additional information during training, to 

improve its ability to effectively capture the relevant dynamics of cell-specific behaviours. This 

integration introduces the inductive biases, potentially resulting in more meaningful and 

https://sciwheel.com/work/citation?ids=15711140&pre=&suf=&sa=0
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interpretable embeddings of the system, while outputs a system of ODEs that describe the 

interactions between these latent variables. 

 

4.5.4 Data Preprocessing 

To preprocess the cell-by-gene matrix, the top 2,000 highly expressed genes are selected to focus 

on the most relevant features. The data is then normalized and log-transformed to stabilize variance 

and make the distributions of gene expression levels more comparable. The resulting matrix is 

analyzed using pseudotime (73) to establish a temporal sequence in the data and enable the 

conversion of static gene expression profiles into a dynamic time series which is essential for 

SINDy modelling. Given the sensitivity of SINDy to noise and the inherently noisy nature of 

scRNA-seq data, the time series is constructed by averaging gene expression counts over a sliding 

window of four-time steps (pseudo cell) with a stride of two steps. We experimented with multiple 

sliding window lengths but found that smaller window sizes would result in less effective 

denoising, while larger window sizes would lead to insufficient training data. Ultimately, a 

window length of 4 was chosen as the optimal balance between effective denoising and 

maintaining sufficient training data (Supplementary Note 1). This averaging process helps to 

smooth the data, reduce noise, and increase power. During this process, the cell type within each 

window is determined and assigned to ensure that cell identity is preserved. Derivatives of gene 

expression are calculated under the assumption of unit time steps between cells, a reasonable 

assumption given the continuous nature of pseudotime. This allows for consistent derivative 

estimation across the trajectory. Constructing the time series requires careful selection of cell types 

based on biological relevance, as some cell types may not contribute meaningfully to the dynamics 

being studied. This selection ensures that the resulting time-by-gene matrix accurately reflects the 

biological processes of interest 

 

https://sciwheel.com/work/citation?ids=6682415&pre=&suf=&sa=0
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4.5.5 Components of CLERA Objective function 

The preprocessed time series results in a pseudo-cell by gene matrix. CLERA takes each step as 

input to the autoencoder and generates reconstructions of the time-averaged gene expression for 

that box. These steps form a batch, consisting of 1292 samples in the Pancreas dataset and 1172 

samples in the hematopoietic differentiation dataset. During training, the derivatives calculated 

during preprocessing are used to calculate the SINDy losses while the cell type serves as the label 

for the classification network. 

During classification, the latent representation is passed through a classification network, 

which outputs the probability of the embedding belonging to each cell type. The cell types are 

represented as labels 𝑙 = [𝑙1 𝑙2 … 𝑙𝑐] where c is the total number of cell types. The classification 

network 𝐶 produces the probability of the input belonging to each cell type, 𝑦 = 𝐶(𝑧) where 𝑦 =

[𝑦1̂𝑦2̂ … 𝑦𝑐̂] and 𝑦𝑗̂ is the probability of the label being j. Multi-class cross-entropy loss  𝐿𝑐𝑙𝑎𝑠𝑠 =

 − ∑ 𝑦𝑗 log(𝑦𝑗̂)𝑐
𝑗=1  is used for this task. To improve stability during training, L1 regularization 

𝐿𝑁𝑒𝑡𝑅𝑒𝑔 = ||𝜑||1 + ||𝜓||1 + ||𝐶||1 is applied to the network weights. This regularization 

encourages sparsity in the weights, reducing the risk of overfitting and improving the model's 

generalization capabilities. 

The loss function for CLERA is a weighted sum of 6 losses: Reconstruction Loss, 

Classification Loss, SINDy loss over the latent embedding, SINDy loss over the reconstructed 

genes, SINDy weight regularization, and Network weight regularization which can be represented 

as  

𝐿 =  𝜆𝑟𝑒𝑐𝑜𝑛𝐿𝑟𝑒𝑐𝑜𝑛 + 𝜆𝑑𝑧
𝑑𝑡

𝐿𝑑𝑧
𝑑𝑡

+ 𝜆𝑑𝑥
𝑑𝑡

𝐿𝑑𝑥
𝑑𝑡

+ 𝜆𝑐𝑙𝑎𝑠𝑠𝐿𝑐𝑙𝑎𝑠𝑠 + 𝜆𝑆𝐼𝑁𝐷𝑦𝑅𝑒𝑔𝐿𝑆𝐼𝑁𝐷𝑦𝑅𝑒𝑔 + 𝜆𝑁𝑒𝑡𝑅𝑒𝑔𝐿𝑁𝑒𝑡𝑅𝑒𝑔 

where different 𝜆𝑙𝑜𝑠𝑠 𝑡𝑦𝑝𝑒 represent the loss weights. 
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4.5.6 Modelling choices and training 

The model hyperparameters significantly influence the nature of the resulting equations and 

require careful tuning to ensure effective training and accuracy of CLERA. Several conditions are 

essential for this process. First, we monitor the loss curves and the number of active SINDy 

coefficients closely, as they provide key insights that guide refinement. Second, the functional 

forms used in the model are designed to align with established prior knowledge of the process. 

Additionally, we make assumptions to maintain the integrity of the system’s dynamics: the right-

hand side of every equation in the ODE should be non-zero, as a zero value would indicate that 

SINDy was unable to model the temporal features for that latent variable. Moreover, the discovered 

equations should be parsimonious, balancing expressiveness and simplicity. The dimension of the 

autoencoder's latent layer plays a crucial role in this balance, which shows the trade-off between 

model complexity and parsimony. As the size of the latent dimensions increases, the SINDy library 

expands quadratically. Therefore, selecting the appropriate latent dimension is crucial, as a larger 

latent space can lead to more complex candidate functions, which complicates the model and 

increases the risk of overfitting. Experiments with higher-dimensional latent spaces (e.g., 

dimensions of 10 or 15) reveal that the model consistently produces ODEs where the right-hand 

side is zero for some of the latent variables. This indicates that higher latent dimensions produce 

variables that are less critical for capturing the dynamics of the system. Based on these findings, 

the final model uses a latent space of 6 dimensions, which provides a balance between capturing 

essential dynamics and avoiding unnecessary complexity (Supplementary Note 1). The 

autoencoder and classification weights are initialized with Xavier initialization which is known to 

promote stability and efficient learning. We train both the pancreas and bone marrow datasets each 

for 50 times and we select the best model and parameters considering the conditions and criteria 

above such as the lowest loss, parsimony, and model complexity.  

In modelling complex biological systems, it is crucial to leverage the prior knowledge we 

have of the system to carefully select a library of candidate functions. This selection should include 

functions capable of capturing a wide range of dynamics. Studies have considered various terms, 

such as polynomials up to degree 3, Michaelis-Menten kinetics, fractional terms, and exponential 
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functions, to model nonlinear and dynamic processes (16,19,21,171,172). Building on these 

approaches, we carefully select our SINDy library to include linear, second-order polynomial 

terms along with exponential, sinusoidal and fractional function forms. The sinusoidal terms are 

crucial for capturing oscillatory behaviors, while the exponential terms effectively model 

processes involving growth or decay. The fractional function helps with modelling nonlinear 

behaviors typically observed with biological processes, such as Michaelis-Menten kinetics. The 

SINDy model coefficients are randomly initialized with 1 and -1 which ensures that there is no 

bias towards one particular direction (positive or negative coefficients). This makes the model 

better at discovering the true underlying relationships in the data. Refer to Supplementary Table 1 

for different Hyperparameters that are chosen while training CLERA on pancreas and bone 

marrow datasets.  

For the bone marrow dataset, the autoencoder weight and SINDy coefficient initialization 

are done in a transfer learning framework. The SINDy library and autoencoder architecture are 

consistent across both the pancreas and bone marrow, ensuring that the trained weights and SINDy 

coefficients of the pancreas can be used as initialization for bone marrow. CLERA is initially 

trained on the Pancreas dataset using 15 different random initializations, resulting in 15 distinct 

instances of trained Pancreas weights. These trained instances are then evaluated on the bone 

marrow data. The top 6 experiments that exhibit the lowest losses when tested on the bone marrow 

data are selected. From these 6 experiments, an average of the Autoencoder weights and SINDy 

coefficients is computed. This averaged set of weights and coefficients is used as the initialization 

for subsequent bone marrow training. By leveraging transfer learning in this manner, the model 

benefits from faster convergence and improved performance, as the pre-trained weights provide a 

more informed starting point (Supplementary Fig 4).  

Another key difference between the pancreas and bone marrow training lies in the SINDy 

thresholding interval. For the bone marrow dataset, the thresholding interval at 500 epochs is set 

higher than that for the pancreas dataset which is kept at 150. This adjustment is necessary as the 

SINDy coefficients derived from the pancreas experiments exhibit magnitudes much lower than 

https://sciwheel.com/work/citation?ids=16873193,12204780,11100674,11196196,16873227&pre=&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&suf=&sa=0,0,0,0,0
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1, due to the application of L1 regularization. By setting a higher threshold for the bone marrow 

training, the network is better at adjusting and correcting the coefficient magnitudes, which ensures 

that key SINDy terms do not undergo early thresholding.  

In the unsupervised training setting, where there is an absence of explicit target ODE terms 

and structure, an inductive bias is introduced to determine the appropriate number of training steps. 

A maximum acceptable term threshold is established, defining the maximum number of active 

SINDy coefficients permitted on the right-hand side of the ODE. During training, once the number 

of active coefficients falls below this threshold, the refinement phase is initiated, consisting of an 

additional 150 epochs. This threshold is kept at 30 to ensure that the model remains parsimonious.  

 

4.5.7 Personalized Pagerank 

PageRank is an algorithm that ranks nodes in a graph by evaluating the number and weight of links 

between them. Nodes that are connected to highly-ranked nodes are deemed more important and 

thus receive a higher PageRank score. The standard PageRank algorithm calculates a global 

importance score, treating all nodes equally in the process. 

Personalized PageRank, on the other hand, is an extension of this algorithm that computes 

node rankings relative to a specific node or set of nodes within the graph. Unlike traditional 

PageRank, which provides a uniform importance score across the entire graph, PPR introduces a 

bias toward the selected nodes. This bias allows for the calculation of personalized importance 

scores, emphasizing the relevance of nodes in relation to the chosen node(s) of interest. 

The interaction graph is constructed by including the gene-latent variable interaction using 

the top “K” SHAP for each latent variables and inter-latent-variable interaction via the ODE. As 

cells progress further in pseudotime and become more dissimilar, the mean intersection percentage 

between top-k genes of different latent variables decreases for all latent variables (Supplementary 

Fig 6, Supplementary Note 2). To rewire the original interaction graph and capture direct gene 

interactions, we use PPR to quantify the probability of connectivity between genes. This approach 
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models the likelihood that a random walk starting from one gene will visit another, thereby 

capturing both direct and indirect relationships in the network. For each gene i, we initialize a 

personalized vector 𝑣𝑖 where the ith entry is set to 1 and all other entries are 0. This biases the 

random walk to originate from gene i. We then compute the PPR vector 𝜋𝑖 by recursively solving 

the equation: 

𝜋𝑖 =  𝛼𝑣𝑖 +  (1 − 𝛼)𝐴𝜋𝑖 

where A is the column-normalized adjacency matrix of the initial network and α is the teleportation 

probability (typically set to 0.85). 

The resulting 𝛼𝑖 vector contains PageRank scores for all genes relative to gene i. We 

interpret these scores as probabilities of connectivity, with higher values indicating stronger 

relationships. To construct the refined network, we select the top “E” edges for each gene based 

on these probabilities. In our implementation, we set E=600 to balance network sparsity and 

connectivity (Supplementary Note 2). This process is repeated for all genes, resulting in a directed, 

weighted graph that emphasizes the most significant regulatory relationships in the network. Also, 

the PPR-based rewiring captures higher-order network topology beyond direct interactions, which 

can reveal important indirect regulatory connections. 

Calculating various centrality metrics on the obtained connectivity graph helps us identify 

the most influential genes, determine hubs of activity, and uncover critical pathways. Each 

centrality metric offers a unique perspective on the role and significance of nodes in the network. 

The centrality metrics used include: 

● Degree Centrality:  Degree centrality measures the number of direct connections a node 

has in a network. Nodes with a high degree of centrality are typically more active or 

prominent within the network. 

● Closeness Centrality:  Closeness centrality assesses the average length of the shortest 

paths from a node to all other nodes in the network. Lower scores indicate that the node 

occupies a more central and important position in the network. 
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● Eigenvector Centrality: Eigenvector centrality evaluates a node's influence based on both 

the quality and quantity of its connections. A node is more central if it is connected to other 

central nodes, highlighting its importance within the network. 

● PageRank: PageRank assigns importance to a node based on the principle that connections 

from high-ranking nodes contribute more to a node's score, making it a more influential 

node in the network 

By analyzing these centrality metrics, we identify the key genes in the interaction network, gene 

markers and hubs that can play a key role in cell function and gene interaction. 

4.5.8 Simulated data 

To evaluate SINDy's ability to detect governing equations, we design a simple two-gene regulatory 

network. This system is governed by stochastic differential equations, incorporating both 

deterministic dynamics and stochastic fluctuations. The network features two mutually inhibiting 

genes, described by 𝐺1 and 𝐺2: 

𝑑𝐺1 = (
𝑚1

(1 + 𝐺2
2)

− 𝑘𝐷𝐺1) 𝑑𝑡 + 𝜎1√𝑑𝑡 𝑑𝑊1  

𝑑𝐺2 = (
𝑚2

(1 + 𝐺1
2)

− 𝑘𝐷𝐺2) 𝑑𝑡 + 𝜎2√𝑑𝑡 𝑑𝑊2 

 

In this model 𝑘𝐷 represents the degradation rate,  𝑚1 and 𝑚2 determine the synthesis rates of the 

genes, 𝜎1 and 𝜎2 are noise intensities, 𝑑𝑡 is the time step, 𝑑𝑤1 and 𝑑𝑤2 are increments of 

independent Wiener processes modelling Gaussian noise. By adjusting these parameters, the 

system can exhibit saddle-node and pitchfork bifurcations. To generate training data for SINDy, 

we set 𝑚1=3, 𝑚2=1, 𝑘𝐷 =1 and 𝜎1= 𝜎2= 0.2. The Euler–Maruyama method was used to simulate 

these stochastic differential equations, to capture the system's dynamics while accounting for noise 

that scales with time steps. 
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4.5.9 Data availability 

The datasets used in this study are publicly available in public repositories. Simulated scRNA data 

was generated using SERGIO, which is accessible at https://github.com/PayamDiba/SERGIO. 

Preprocessed versions of both the pancreas development data (accession number  GSE132188) 

and the human hematopoiesis data (accessed through the Human Cell Atlas data portal under the 

Human Hematopoietic Profiling project) can be downloaded from 

https://scvelo.readthedocs.io/en/stable/. 

4.5.10 Code availability 

Our Python implementation of CLERA can be found at: https://github.com/vasu-swaroop/CLERA  

4.5.11 Competing interests 

The authors declare no competing interest. 
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Chapter 5 

FateNet: an integration of dynamical systems and deep 

learning for cell fate prediction 

This chapter introduces FateNet, a computational approach that integrates dynamical systems 

theory with deep learning to explore the timing of cell decision-making using scRNA-seq data. By 

leveraging information about normal forms and scaling behavior near bifurcations FateNet predicts 

when cell decisions occur with greater accuracy than conventional methods, while offering a 

qualitative understanding into the specific type of bifurcation the system is likely to experience. 

The work titled FateNet: An Integration of Dynamical Systems and Deep Learning for Cell Fate 

Prediction was conducted with Dr. Thomas Bury and published in Bioinformatics in 2024 (3). The 

author list on the publication is below: 

Mehrshad Sadria1, Thomas M. Bury2 
1 Department of Applied Mathematics, University of Waterloo, Waterloo, Ontario N2L 3G1, 

Canada. 
2 Department of Physiology, McGill University, 3655 Promenade Sir William Osler, Montreal, 

Quebec H3G 1Y6, Canada 

 

5.1 Overview 

Understanding cellular decision-making, particularly its timing and impact on the biological 

system such as tissue health and function, is a fundamental challenge in biology and medicine. 

Existing methods for inferring fate decisions and cellular state dynamics from single-cell RNA 

sequencing data lack precision regarding decision points and broader tissue implications. 

Addressing this gap, we present FateNet, a computational approach integrating dynamical systems 

theory and deep learning to probe the cell decision-making process using scRNA-seq data. By 

leveraging information about normal forms and scaling behavior near bifurcations common to 

many dynamical systems, FateNet predicts cell decision occurrence with higher accuracy than 

conventional methods and offers qualitative insights into the new state of the biological system. 

Also, through in-silico perturbation experiments, FateNet identifies key genes and pathways 

https://sciwheel.com/work/citation?ids=17003533&pre=&suf=&sa=0&dbf=0
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governing the differentiation process in hematopoiesis. Validated using different scRNA-seq data, 

FateNet emerges as a user-friendly and valuable tool for predicting critical points in biological 

processes, providing insights into complex trajectories. 

 

5.2 Introduction 

Complex dynamical systems can experience sudden shifts between states when they reach 

a critical threshold known as a tipping point or critical transition (173). These transitions have been 

extensively studied in fields such as ecology, climate science, finance, and epidemiology (174–

178). Tipping points are also pertinent in the field of medicine, as seen in diseases such as diabetes 

and epileptic seizures (179,180). These tipping points are characterized by a sudden shift from a 

healthy state to a diseased condition, signaling a critical change in the system's dynamics (181). 

Recognizing early warning signs of these transitions during disease progression would enable the 

identification of pre-disease conditions and facilitate timely medical intervention (182). 

Fortunately, there are universal properties of tipping points that can present themselves before a 

tipping point occurs (183,184). One such example is critical slowing down, characterized by a 

decrease in local stability and systematic changes in properties of time series data such as variance, 

autocorrelation and the power spectrum (185,186). These universal properties suggest the 

possibility for early warning signals across a wide range of scientific domains (187–190). 

In developmental biology, cells undergo a variety of transitions as they differentiate. The 

Waddington landscape is a fundamental concept for understanding these critical transitions, as it 

explains how cells experience alterations in their transcriptome and epigenome while transitioning 

into unique cell types (191). Predicting early cell fate bias and understanding the mechanisms 

underlying cell decision-making are crucial for advancing cellular reprogramming (4). By 

deciphering the regulatory mechanisms governing cell fate decisions, we can reprogram cells into 

specific cell types for regenerative medicine applications, such as replacing damaged or lost cells 

in various tissues and organs (128,192). 

 

https://sciwheel.com/work/citation?ids=15866622&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=10434215,211889,11930166,4232324,11958652&pre=&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&suf=&sa=0,0,0,0,0
https://sciwheel.com/work/citation?ids=10434215,211889,11930166,4232324,11958652&pre=&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&suf=&sa=0,0,0,0,0
https://sciwheel.com/work/citation?ids=9092672,4528288&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=1186700&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=255756&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=197502,6462270&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=2313030,3314555&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=7474646,15866726,2562769,684356&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
https://sciwheel.com/work/citation?ids=172045&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14694107&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=5498307,14466219&pre=&pre=&suf=&suf=&sa=0,0
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In recent years, single-cell technologies have provided us with a high level of precision in studying 

individual cells, allowing us to observe and understand cellular changes (193). However, they only 

provide a snapshot of the cellular state, limiting our ability to capture the dynamic changes that 

occur over time (194). To overcome this limitation, computational methods based on pseudotime 

analysis have been developed to reconstruct the temporal progression of cells (195). These 

methods infer the order of cells along a trajectory based on the similarity of their gene expressions. 

Various techniques are employed to perform pseudotime analysis, such as using the distance to 

the root cell or computing entropy for each cell to position them in the trajectory (196). While 

RNA velocity can be integrated into pseudotime analysis and provide information on the direction 

of cell state changes, it doesn't always provide accurate directions due to various factors (197). 

Despite the promising results of all these methods, they are not yet able to detect critical transitions 

with high accuracy and cannot provide specific details about the biological system changes that 

occur during and after the transition.  

Cell fate transitions can be viewed as a bifurcation in a high-dimensional dynamical system 

(191,198). It has been suggested that universal properties of bifurcations such as critical slowing 

down could be harnessed to provide early warning signals for their arrival (183). In a system 

subject to environmental and/or intrinsic noise, critical slowing down can be detected via an 

increase in variance and lag-1 autocorrelation, thereby serving as an early warning signal 

(186,190). Other early warning signals for bifurcations include an increase in entropy (199) and a 

decrease in Kolmogorov complexity (200). These measures are currently used to predict 

bifurcations across a range of scientific domains (201), including recent studies in cellular biology 

(148,202,203). However, they have had mixed success and are unable to predict the type of 

bifurcation. 

In recent years, deep learning has emerged as a powerful tool for predicting changes in 

complex dynamical systems (204,205). In particular, a neural network can learn to predict 

bifurcations by training it on a massive corpus of simulation data from dynamical systems with 

noise (206,207). However, these current methods cannot be applied directly to pseudotime series 

of scRNA-seq data for two reasons: (i) scRNA-seq data is very high-dimensional, typically on the 

https://sciwheel.com/work/citation?ids=9782014&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=5594655&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12381880&pre=&suf=&sa=0
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order of thousands of genes; and (ii) pseudotime series do not contain temporal correlations typical 

of dynamical systems with noise, since each data point is a snapshot from a unique cell, not a 

single cell evolving over time. 

In this study, we introduce FateNet, a novel computational model that combines the theory 

of dynamical systems and deep learning to predict cell fate decision-making using scRNA-seq 

data. By leveraging universal properties of bifurcations such as scaling behavior and normal forms 

(48), FateNet learns to predict and distinguish different bifurcations in pseudotime simulations of 

a ‘universe’ of different dynamical systems. The universality of these properties allows FateNet to 

generalize to high-dimensional gene regulatory network models and biological data. This approach 

not only provides an understanding of when cells undergo state changes but also captures the type 

of these transitions, identifying the characteristics of the system’s new state. By using FateNet we 

demonstrate how perturbing specific sets of genes can alter the type of transition a system 

undergoes. Notably, FateNet eliminates the need for training a model on the specific system under 

study and allows us to overcome the limitations of most deep learning models, which are typically 

restricted to the systems they were originally trained on. We test FateNet using simulated and 

biological scRNA-seq data of various sizes and compare its performance to current methods for 

bifurcation prediction. Our results underscore FateNet’s ability to detect the process of cell fate 

decision-making, offering insights into the ongoing transitions within the system and providing 

information on manipulating gene sets to modify transition types. 

https://sciwheel.com/work/citation?ids=10266491&pre=&suf=&sa=0
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Figure 5-1: Schematic of workflow with FateNet. Input data, in the form of a gene expression matrix, is 

reduced in dimension using PCA, clusters are obtained and a pseudotime series is constructed. The 

pseudotime series leading up to a cell fate transition is passed into FateNet, which outputs a probability 

distribution over different bifurcations. FateNet is pre-trained using many simulations from stochastic 

differential equations (SDEs) going through different types of bifurcation. The output of FateNet consists 

of probabilities for the occurrence of different bifurcations. A spike in the probability for a bifurcation is 

an indication that the bifurcation is about to occur. The cells associated with the timing of the spike can be 

examined to identify the key genes responsible for initiating the bifurcation process. 
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5.3 Results 

5.3.1 Bifurcation prediction in a simple gene regulatory network 

To demonstrate FateNet, we use data generated from a simple model of a gene regulatory network 

that can undergo different types of bifurcation as different parameters are varied (Methods). The 

model undergoes a fold bifurcation as the synthesis rate of the first gene increases (𝑚1), and a 

pitchfork bifurcation as the degradation rate of the genes (𝑘𝐷) decreases (148). We simulate the 

model with additive white noise and a linearly changing parameter that leads to (i) a fold 

bifurcation, (ii) a pitchfork bifurcation, and (iii) no bifurcation (Fig. 1). In the bifurcation scenarios, 

the bifurcation is reached at pseudotime 500. At a given point in time, FateNet takes in all 

preceding data and assigns a probability for a fold, transcritical and pitchfork bifurcation, and a 

probability for no bifurcation (null). A heightening in a bifurcation probability is taken as a signal 

that this bifurcation is approaching. FateNet successfully signals the approach of a fold and a 

pitchfork bifurcation in the gene regulatory network. In the case of the null trajectory, no 

significant probability is assigned to any of the bifurcations. It also signals the correct bifurcations 

in the cases of larger and smaller noise (Supplementary Figures 5,6).  

https://sciwheel.com/work/citation?ids=15251307&pre=&suf=&sa=0
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Figure 5-2: Simulations and predictions in the simple gene regulatory network model going through 

a fold, pitchfork, and no bifurcation. (a-c) Bifurcation diagrams showing the stable (solid) and unstable 

(dashed) states of the model as a parameter is varied. (d-f) Model simulation (gray) with the bifurcation 

parameter varying linearly with time (Methods), and smoothing (black) with a Lowess filter with span 0.2. 

The model reaches the bifurcation at pseudotime 500. (g-i) Probabilities assigned by FateNet for each class 

of bifurcation as progressively more of the data becomes available. The arrow shows the time window 

where there is insufficient data for FateNet to make a prediction. FateNet uses the data after smoothing (i.e. 

not the trend) when making its predictions. The vertical dashed line indicates the time when the bifurcation 

is crossed. PF: pitchfork; TC: transcritical. 

 

5.3.2 Bifurcation prediction in a large simulated gene regulatory network  

To assess the performance of FateNet on larger datasets we use SERGIO, a simulator based on 

stochastic differential equations that can generate both steady-state and dynamic scRNA-seq data 

(77). It incorporates different noise types for realistic dataset creation. We generate differentiation 

simulation data with 1800 cells, 100 genes and 7 cell types (Fig. 2a). After the preprocessing steps 

https://sciwheel.com/work/citation?ids=9570265&pre=&suf=&sa=0
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in the 100-dimensional gene space, we apply Principal Component Analysis (PCA) to reduce the 

dimensionality of the data and obtain the principal components. To establish a cell ordering and 

understand the pseudotime dynamics within this dataset, we use Partition-based graph abstraction 

(PAGA) (Fig. 2b) (208). These data are then detrended and used as input to FateNet, leveraging 

the known underlying differentiation trajectory. 

Focusing on one of the bifurcation points, our objective is to test whether our model can 

predict this bifurcation in advance and identify the specific type of bifurcation occurring. We find 

that FateNet not only provides an early signal for the upcoming change in cell state but also 

successfully identifies a pitchfork bifurcation in advance, consistent with the observed change in 

state at the cell-fate transition (Fig. 2c, Bifurcation trajectory panel). We then test our model on a 

scenario where the system does not undergo a cell-fate transition (Fig. 2c, Null trajectory panel). 

To generate such a trajectory, we sample points randomly (with replacement) from the first 20% 

of the detrended data and add it to the trend of the original data. In this case, our model correctly 

predicts the absence of any critical transition (Null), indicating that it has learned distinct features 

associated with the presence/absence of an upcoming cell-fate transition (Fig. 2c, Null trajectory 

panel). 

 

 

 

https://sciwheel.com/work/citation?ids=6682262&pre=&suf=&sa=0
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Figure 5-3: Bifurcation predictions in a simulation of SERGIO. (a) Uniform Manifold Approximation 

and Projection (UMAP) visualization of scRNA-seq data generated by SERGIO, with distinct clusters, 

color-coded based on cell type. (b) PAGA network graph representing the interconnectivity and 

relationships between cell types. (c) Bifurcation and null trajectories of cells organized in pseudotime (top) 

and the predictions of FateNet (bottom). The first principal component of the gene expression data is used 

to make predictions. The bifurcation trajectory shows a cell-fate transition between cell type 5 and cell 

types 3 and 6. The vertical dashed line indicates the time when the bifurcation is crossed. Data is smoothed 

using a Lowess filter with span 0.2 and the detrended data are passed to our model. The null trajectory is 

generated by taking a random sampling from the first 20% of the detrended data and adding it to the original 

trend. DL probabilities are the probabilities assigned by our model for each event among Null, Fold, 

Transcritical (TC) and Pitchfork (PF). 
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5.3.3 Bifurcation prediction in biological data 

To test FateNet on biological data, we use temporal scRNA-seq data of mouse hematopoietic stem 

cell differentiation with 130,887 cells and 25,289 genes (81). Our emphasis is on the differentiation 

of progenitor cells, specifically exploring the decision-making process of neutrophil fate (Fig. 4a). 

In this context, we aim to understand both the timing of cell fate decision-making and the specific 

type of differentiation occurring within the system. Therefore, we use cells that are classified as 

undifferentiated or neutrophils and extract the top 3000 most variable genes. On this, PCA is 

conducted and the first principal component is used to make predictions of a bifurcation (Fig. 4b, 

Bifurcation trajectory panel). We find that FateNet predicts a pitchfork bifurcation before the 

transition from an undifferentiated cell to a neutrophil (Fig. 3b, Bifurcation trajectory panel). The 

transition is also preceded by an increase in variance, which is consistent with the phenomenon of 

critical slowing down that accompanies bifurcations. We compare this with a null time series that 

is generated by taking a random sample from the first 20% of the detrended bifurcation trajectory 

and adding this to the trend. This way, we demonstrate that the model is not making predictions 

based on the trend, but rather on the dynamics around the trend, which provide information about 

an approaching bifurcation. On the null trajectories, our model correctly predicts ‘Null’, i.e. no 

bifurcation (Fig. 4b, Null trajectory panel).  

To assess the performance of FateNet and compare it to conventional methods for 

bifurcation prediction, we make predictions on 100 unique downsampled bifurcation trajectories 

and corresponding nulls from the biological data. For each trajectory, we make seven equally-

spaced predictions between pseudotime 0.3 and 0.6, resulting in a total of 1400 predictions. The 

receiver operating characteristic (ROC) curve (Fig. 4c) illustrates performance on the binary 

classification problem of whether or not a bifurcation is approaching. An area under the curve 

(AUC) of 1 corresponds to a perfect performance, whereas an AUC of 0.5 (dashed line) is no better 

than random. FateNet achieves the highest performance (AUC=0.93), followed by variance 

(AUC=0.85), sample entropy (AUC=0.63), Kolmogorov complexity (AUC=0.53) and lag-1 

autocorrelation (AUC=0.46).  In addition, FateNet uniquely provides a prediction about the 

bifurcation type, which becomes more evident closer to the bifurcation. We show the specific 

https://sciwheel.com/work/citation?ids=8126612&pre=&suf=&sa=0
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bifurcation probabilities from pseudotime 0.5 onwards, demonstrating that pitchfork is the favored 

bifurcation across the 100 downsampled trajectories. 

To understand the underlying biological mechanisms governing cell fate decision-making, 

we focus on a critical segment of the pseudotime trajectory between 0.28 and 0.32, where a notable 

increase in bifurcation probability occurs (Fig. 4b, yellow box). By conducting differential gene 

expression analysis on cells within this specific temporal window, we identify key genes such as 

Myc, Ybx1, S100a8 and S100a9, Set, and H2afy whose expression showed a significant change 

compared to other parts of the trajectory. Remarkably, several of these genes have been shown by 

previous studies to play a key role in fundamental cellular processes, including stem cell 

differentiation, regulation of neutrophil differentiation, chromatin remodeling, and cellular 

metabolism (Supplementary Table 1 for a detailed list of genes, their functions and reference to 

previous studies). Furthermore, we leverage the top 250 genes with significant expression changes, 

from our results to scrutinize cellular pathways, components and functions involved in cell 

decision-making. Our analysis reveals enrichment in pathways linked to metabolic processes 

(organonitrogen compound metabolism, catabolic process, superoxide anion generation, protein 

metabolic processes), cell death, protein localization, and leukocyte activation (Supplementary 

Figure 1). These findings align with existing literature showing hematopoietic stem cells navigate 

a complex array of developmental pathways, including not only self-renewal and differentiation 

but also apoptosis and metabolism. The ultimate fate of dividing stem cells is shaped by the 

combination of signals from various regulators. Additionally, we use the enrichment map analysis 

to show the network of enriched pathways, illustrating the complex relationships and 

communication between the identified biological processes (Supplementary Figure 2). This result 

not only can help us understand the connections between active pathways within the cell's 

environment but also emphasizes the dynamic interactions influencing different regulatory 

mechanisms of cell fate decision making. 
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Figure 5-4: Predictions in data of mouse hematopoietic stem cell differentiation from undifferentiated 

cells (gray) to neutrophils (orange). (a) UMAP plot of mouse hematopoiesis data, emphasizing the 

transition (arrows) from progenitor cells (gray) to neutrophils (orange), elucidating the dynamic 

differentiation process. (b) Bifurcation and null trajectories with model predictions. The bifurcation 

trajectory (left) is the first principal component against pseudotime downsampled by a factor of 100. The 

dashed line shows the transition. The data is detrended using a Lowess filter with a span 0.2 and used as 

input to the model. The model outputs probabilities for each event among Null, Fold, Transcritical (TC) 

and Pitchfork (PF). The yellow box highlights the initial spike in bifurcation probabilities between 
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pseudotime 0.28 and 0.32. The null trajectory (right) is generated by random sampling from the first 20% 

of the detrended bifurcation trajectory and adding them to the trend. (c) ROC curves for predictions of any 

bifurcation using variance (Var), lag-1 autocorrelation (AC), sample entropy (SE), Kolmogorov complexity 

(KC) and FateNet (FN). Predictions are made at evenly spaced time points between 0.3 and 0.6 for 100 

unique downsampled bifurcation trajectories and corresponding nulls, resulting in a total of 1400 

predictions. The inset shows the probabilities assigned to each bifurcation between pseudotime 0.5 and 0.6. 

Boxes show the median and interquartile range, and whiskers show the full range. 

 

To further validate our findings, we conduct an analysis on a mouse pancreas scRNA-seq dataset 

obtained from embryonic day 15.5 (Bastidas-Ponce et al., 2019), comprising 2,531 cells 

categorized into seven distinct cell types (Fig. 5a). Our primary objective is to focus on the 

differentiation process among endocrine cells. Through pseudotime ordering, we delineate a 

trajectory originating from Fev+ cells, which are subsequently bifurcated into multiple main 

branches. The termini of these branches include differentiated Alpha, Beta and Delta cells, 

indicating that the branches represent a transition toward fully differentiated cell states. 

FateNet predicts a fold bifurcation for the transition from Fev+ cells to Alpha, Beta and 

Delta cells, identifying this bifurcation in advance at around 0.89 (Fig. 5b). To further test 

FateNet’s accuracy, we compare it with a null time series generated by taking a random sample 

from the first 20% of the detrended bifurcation trajectory and adding this to the trend. FateNet 

correctly predicts ‘Null,’ indicating no bifurcation in this control scenario (Fig. 5b). 
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Figure 5-5: Bifurcation predictions in murine pancreatic development focusing on differentiation of 

Fev+ to Alpha, Beta and Delta cells. (a) Uniform Manifold Approximation and Projection (UMAP) 

visualization of Pancreas development data, with distinct clusters, color-coded based on cell type. (b) 

Bifurcation and null trajectories with model predictions. The bifurcation trajectory (left) is the first principal 

component against pseudotime. The dashed line shows the transition point. The data is detrended using a 

Lowess filter with a span of 0.2 and used as input to the model. The model outputs probabilities for each 

event among Null, Fold, Transcritical (TC) and Pitchfork (PF). The null trajectory (right) is generated by 

random sampling from the first 20% of the detrended bifurcation trajectory and adding them to the trend. 
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5.3.4 Effect of gene knockout / over-expression 

We investigate the effect of in silico knocking out and overexpressing genes (hard and soft 

interventions) on the predictions made by our model (Fig. 6a). We knockout the most significant 

genes in the first PCA component of the data by setting their expression to zero. We find that 

knocking out as few as five of the top genes results in a change in the bifurcation prediction from 

a pitchfork bifurcation to a fold bifurcation (Fig. 6b). Continuing to knock out genes increases the 

prediction for no bifurcation (Null) until eventually, after knocking out the top 30 genes, no 

bifurcation is predicted at all. We also overexpress genes by multiplying their expression by a 

factor of two. We find that overexpressing a small number of the top genes (5-10) strengthens the 

prediction of a pitchfork bifurcation (Fig. 6c), whereas overexpressing a larger number of genes 

weakens the prediction of a pitchfork bifurcation. These results suggest that there are a few genes 

that are instrumental in the type of bifurcation that the system goes through. When these key genes 

are subjected to knockout, there is a substantial alteration in the bifurcation type of the system's 

dynamics (Fig. 6b). On the other hand, with the top genes overexpressed, the bifurcation type is 

predicted with greater probability (Fig. 6c). However, it is essential to highlight that 

overexpressing a broader set of genes can trigger additional regulatory mechanisms (Fig. 6a,c). 

This broader activation manifests in an increased probability of other types of bifurcations.  
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Figure 5-6: Exploring system response to various in silico perturbations. (a) UMAP visualization 

shows in silico perturbations, with green lightning indicating overexpression and red lightning denoting 

knockout perturbations. Each perturbation is individually implemented to observe how the system 

experiences shifts in the bifurcation dynamics. Model predictions for stem cell differentiation to 

neutrophils in mouse hematopoiesis after knocking out (b) and over-expressing (c) a few numbers of the 

most significant genes. Genes are knocked out by setting their expression to zero. Genes are overexpressed 

by multiplying their expression by a factor of two. In each case, ten equally-spaced predictions are made 

between pseudotime 0.45 and 0.6. 
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5.4 Discussion  

In various domains such as ecology, climate, health, and finance, the identification of critical 

points, often referred to as bifurcation points, holds significant importance. Early detection is 

crucial for strategic decision-making and intervention, minimizing the potential for adverse 

consequences. Also understanding the type of these transitions is pivotal for preemptive actions in 

these diverse fields (209). For instance, in health, the heart can spontaneously transition from a 

normal rhythm to a dangerous one, known as a cardiac arrhythmia. Early detection of these critical 

transitions in cardiac activity can enable prompt medical intervention, significantly impacting 

patient outcomes and preventing life-threatening situations (210). 

Biological processes exhibit similar critical points and can undergo different types of 

transitions which occur during both normal development and disease progression. In normal 

developmental trajectories, cells move through Waddington's landscape, experiencing bifurcations 

regulated by genetic and environmental cues. These events shape cell fate, determining whether a 

cell adopts a neuronal, muscular, or another specialized identity (211). Similarly, in disease 

trajectories, bifurcations can lead to different outcomes. For instance, consider a disease process 

where a cell can either recover or progress to a more severe state (212). Analyzing the paths cells 

take during differentiation and the process of cellular decision-making, including the precise 

timing of these events, is crucial for understanding development and unlocking the potential of 

stem cell therapies (213). However, the challenges in predicting the precise type and timing of 

these transitions persist due to the intricate and dynamic nature of biological systems, alongside 

the added complexity introduced by the high-dimensional nature of the data. 

In response to these challenges, we introduce FateNet, a novel framework that integrates 

dynamical systems theory with deep learning to discern when cells make decisions and predict the 

type of transition the system is approaching. For a deep learning classifier to be effective and 

applicable across diverse scenarios, it necessitates training on a broad spectrum of data. We 

generate time series training data using simulations from a comprehensive library of different 

dynamical system models that possess various types of bifurcation. The universal properties of 

bifurcations, manifested in time series as a system approaches a bifurcation, facilitate this 
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generalizability. To validate our framework, we conduct extensive testing using both simulated 

and biological data, spanning different dataset sizes and varying noise levels. For the 

hematopoietic data, predictions were made on downsampled trajectories, showing that FateNet can 

work with missing data. Since FateNet predicts the type of bifurcation, it can identify genes that 

can prevent harmful bifurcations in a system and promote favorable transitions. Here, by 

performing both hard (knock-out) and soft (over-expression) interventions to a developmental 

system we have shown the possibility of targeting a specific set of genes to promote, prevent or 

modify the type of transition in hematopoiesis.  

FateNet is the first attempt to combine dynamical systems theory with deep learning to 

predict the type of bifurcation resulting in a cell fate transition. It is trained to predict fold, pitchfork 

and transcritical bifurcations, which have been implicated in various cell fate transitions (191,214–

216). However, there exist other types of bifurcations that may also be involved with cell fate 

transitions, such as the Hopf bifurcation (217) and global bifurcations (218). Future developments 

will involve a training library that includes a larger number of bifurcation types. FateNet is also 

currently restricted to univariate data, which is obtained from the first principal component. A 

boost in performance could be obtained by training the classifiers on multivariate data, allowing 

them to interpret multiple components of the PCA, where potentially more information about the 

bifurcation could be obtained. Recent success in predicting critical transitions using network 

measures (202,219,220) suggests that training classifiers in a similar way on gene interaction 

networks could be fruitful. Finally, it could be beneficial to determine the time series features that 

FateNet uses to determine the type of bifurcation using interpretability methods such as layer-wise 

relevance propagation (221). It seems plausible that it is learning features such as critical slowing 

down and distinguishable changes in the stability landscape to determine the type of bifurcation. 

We believe future studies can benefit from the application of FateNet to compare 

bifurcation types in biological systems, particularly when comparing differences in the type and 

timing of system transitions in healthy and diseased conditions. Many disorders, including cancer 

and fibrosis, can be perceived as distinct types of transitions within a biological system (20,222–

224). Consequently, FateNet provides valuable insights into identifying effective targets for 
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interventions and optimal timing in guiding and redirecting the system's evolution from an 

impaired to a healthy state. 

 

5.5 Methods 

5.5.1 Generation of training data for FateNet 

We generate training data using simulations of a library of generated dynamical systems. Each 

dynamical system consists of the normal form for a bifurcation and higher-order polynomial terms 

with random coefficients and additive white noise. The higher-order terms add diversity to the 

training models, while still guaranteeing that they possess the desired bifurcation. We include fold, 

transcritical and pitchfork bifurcations in the library. The model framework for the fold bifurcation 

is: 

 

where 𝑥𝑡 is the state variable, 𝜇𝑡 is the (potentially time-dependent) bifurcation parameter, 𝛼𝑖 are 

drawn from the standard normal distribution, 𝜎 is the noise amplitude drawn from a uniform 

distribution between 0.005 and 0.015, and the noise process 𝜀𝑡 is drawn from a standard normal 

distribution. The initial value for the bifurcation parameter 𝜇0 is drawn from a uniform distribution 

with lower and upper bounds that make the dominant eigenvalue of Jacobian between 0 and 0.8 

(the bifurcation occurs when this eigenvalue is 1). This results in bifurcation trajectories that start 

at different distances away from the bifurcation. Consequently, in the fold model, 𝜇0 can take 

values between -0.25 and -0.01. In all models, the bifurcation occurs at 𝜇=0. 

The model framework for the transcritical bifurcation is: 
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where 𝜇0 can take values between -1 and -0.2. The model framework for the pitchfork bifurcation 

is: 

 

where 𝜇0 can take values between -1 and -0.2. For each model framework, we generate 1000 

unique models. We run 20 simulations of each model going up to its bifurcation by incrementing 

𝜇𝑡 linearly from 𝜇0 up to 0 over 600 time steps. If the model undergoes a noise-induced transition 

(defined as a deviation from equilibrium greater than 10 times the noise amplitude, 𝜎), then the 

point prior to the transition is taken as the end of the time series. The last 500 data points are kept. 

If the model transitions before 500 points, it is discarded and replaced by a newly generated model. 

From these 20 simulations of 500 points, we construct 20 pseudotime series by placing the data in 

a 20x500 matrix and extracting elements in a diagonal fashion such that subsequent points in the 

pseudotime series come from different time simulations. Formally, denoting the data point from 

simulation i at time t as 𝑥𝑖,𝑡, for i=0,...,20, t=0,...,499, then the ith pseudotime series is given by 

𝑦𝑖,𝑡 = 𝑥(𝑖+𝑡)𝑚𝑜𝑑20,𝑡. 

This process generates 20,000 ‘forced’ pseudotime series for each bifurcation. We similarly 

generate 20,000 ‘null’ pseudotime series where 𝜇 is kept fixed in each model. This gives a total of 

80,000 time series that are labelled according to whether they are ‘fold’, ‘transcritical’, ‘pitchfork’ 

or ‘null’ trajectories. This set of time series is then shuffled and partitioned into a training, 

validation and test set according to the ratio 0.95:0.025:0.025. The validation and test sets were 

chosen as a small percentage because a set containing a few thousand time series is adequate to 

provide a representative estimate of the performance measures used to assess the algorithm. 

 

5.5.2 FateNet architecture and performance 

FateNet consists of two types of neural network that are trained to predict a bifurcation label given 

a portion of pseudotime series data. Network 1 is trained on time series censored at the beginning 
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and at the end by a randomly drawn length. This forces it to predict bifurcations based on the 

middle portions of the time series. Network 2 is trained on time series censored only at the 

beginning, allowing it to learn from data right up to the bifurcation. Formally, the length of the 

censored time series L is drawn from a uniform distribution with lower and upper bounds of 50 

and 500, respectively. Then, for Network 1, the start time of the censored time series is drawn from 

a uniform distribution between 0 and 500-L, and for Network 2 the start time is set to 500-L. The 

censored time series are then normalized by their mean absolute value and prepended with zeros 

to make them 500 points in length—a requirement for the neural network. FateNet uses the average 

prediction from these two networks. 

Each network has a CNN-LSTM (convolutional neural network—long short-term memory 

network) architecture (Supplementary Figure 3). The CNN layers capture local features of the time 

series and LSTM layers capture dependencies over time. The networks receive an  input time series 

𝑥 ∈ ℜ500 through a convolutional layer to obtain the hidden units 

 

where i runs from 0 to 500, 𝜎 is the ReLU activation function, and b and 𝑤𝑗 are the bias and weights 

of the kernel, which are trainable parameters. We use a kernel size of 12, and pad the edges of the 

time series with zeros to maintain the input dimension. We apply this operation for 50 kernel filters 

for Network 1 and 100 filters for Network 2. We then apply a dropout of 10%, which randomly 

fixes this proportion of hidden units to zero at each iteration of the training process. The units are 

then passed through a max pooling layer, which takes the maximum value over a window that 

strides over the units. We use a pool size of 2 and a stride length of 2. This process is then repeated 

for a second convolutional and max pooling layer. 

The output is then passed to an LSTM layer with 100 memory cells for Network 1 and 50 

cells for Network 2, where each cell is capable of capturing both long and short-term dependencies 

in the data (225,226). A LSTM cell consists of several components including the input gate (𝑖𝑡), 

the forget gate (𝑓𝑡), the output gate (𝑜𝑡), the cell state (𝑐𝑡) and the hidden state (ℎ𝑡), where 𝑡 runs 

https://sciwheel.com/work/citation?ids=83435,280097&pre=&pre=&suf=&suf=&sa=0,0
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from 0 to 250. Each LSTM cell is updated as follows. The forget, input, and output gates are update 

as 

 

where 𝑥𝑡 is the input from the previous hidden layer, W and U are weight matrices, b are bias 

vectors, 𝜎 is the sigmoid activation function 

 

and the initial value for the hidden state is ℎ0 = 0. Meanwhile, a cell input activation vector is 

computed as 

 

which is used to determine the new cell state and hidden state 

 

 

where * is element-wise multiplication of vectors. The initial value for the cell state is taken as 

𝑐0 = 0.  

This is then passed to the second LSTM layer with 20 memory cells. Here, only the final 

value of each cell state sequence is stored. Finally, this is passed through a dense layer with 

softmax activation to obtain the probabilities 

 

where i runs from 1 to 4, 𝑏𝑖 are the biases, and 𝑤𝑖𝑗 are the weights, and 𝑥𝑗 are the inputs from the 

previous hidden layer. In total, Network 1 contains 100,864 trainable parameters and Network 2 

contains 157,364. To obtain optimal values, we performed a hyperparameter sweep over the 
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number of convolutional layers, the number of convolutional filters, and the number of memory 

cells in the LSTM layers. 

The networks were initialized and trained in Tensorflow v2.10 using the Adam optimization 

algorithm with a learning rate of 0.0005, a batch size of 1024, and categorical cross entropy as a 

loss function, given by 

 

where the vector 𝑡 is the one-hot encoded truth label and 𝑦 is the probability vector output from 

the model. The networks reached peak performance on their validation sets after 71 and 154 

epochs, respectively (Supplementary Figure 7). When evaluated on the test set, Network 1 

obtained an F1 score of 0.64 on the multi-class prediction problem and 0.80 on the binary 

prediction problem. Network 2 obtained F1 scores of 0.95 and 0.98, respectively. The lower 

performance of Network 1 is due to it being trained and tested only on middle portions of time 

series that do not necessarily contain distinguishable information about the type of bifurcation. 

The confusion matrices (Supplementary Figure 4) show the performance of the networks at 

predicting each class in the test set. Out-of-sample predictions are made by taking the average 

prediction across an ensemble of 5 networks of type 1 and 5 networks of type 2.  

 

5.5.3 Applying the model to pseudotime data 

To obtain model predictions on pseudotime data, we first obtain the principal component from a 

PCA. We then detrend it using a Lowess filter with a span of 0.2. Predictions from our model at a 

given point in pseudotime are obtained by taking the preceding data, normalizing them, prepending 

them with zeros to make the input 500 points in length, and feeding it into the model. The model 

then outputs a probability vector, whose components indicate the probability of each event. These 

computations are performed with the Python package ewstools (227). 

 

https://sciwheel.com/work/citation?ids=15789730&pre=&suf=&sa=0
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5.5.4 Alternative methods for bifurcation prediction 

We compare the performance of FateNet with popular methods such as variance, lag-1 

autocorrelation, sample entropy and Kolmogorov complexity. An increase in the first three and a 

decrease in the latter is expected prior to the bifurcation. We compute these measures on the 

detrended data over a rolling window of 0.25 according to standard methods (228). The sample 

entropy and Kolmogorov complexity are computed using EntropyHub (229). The Kendall tau 

value is used to assess the trend of the measures, and as a discrimination threshold for computing 

the ROC curves.   

 

5.5.5 Simple model for a gene regulatory network 

This model consists of two coupled differential equations (148) adapted to include additive 

Gaussian white noise and an additional parameter to modulate the nonlinear interaction between 

the genes. The model is given by 

 

where 𝑔1 and 𝑔2 are the level of gene expression for each gene, 𝑘𝐷 is the degradation rate, 𝑚1 and 

𝑚2 determine the scales of their synthesis, c governs the nonlinear response of gene 2 to gene 1, 

𝜎 is the noise amplitude, and 𝜉1(𝑡) and 𝜉2(𝑡) are Gaussian white noise processes.  

The model possesses a fold and a pitchfork bifurcation. We simulate trajectories going 

through both types of bifurcation, as well as a null trajectory where there is no bifurcation but still 

a time-dependent parameter. For the fold trajectory, we take 𝑚1 increasing linearly from 1 to 4.75, 

𝑚2=3,  𝑘𝐷=1, and c=1. For the pitchfork trajectory, we take 𝑚1=1, 𝑚2=1, 𝑘𝐷 decreasing linearly 

from 1 to 0.25, and c=1. For the null trajectory, we take the same parameters as the fold trajectory, 

except we set c=0.1, which removes the fold bifurcation. In each case, we simulate the model using 

the Euler-Maruyama method with a step size of 0.01 and a noise amplitude 𝜎=0.05. We then 

downsample the data by a factor of 100. As described in the section on generating training data, 

https://sciwheel.com/work/citation?ids=1267884&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16569409&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15251307&pre=&suf=&sa=0
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we then construct a pseudotime series using 20 simulations of the model and taking subsequent 

points from each simulation. 

5.5.6 SERGIO simulation 

SERGIO is a simulator of single-cell gene expression data based on a stochastic differential 

equation (SDE) framework that can simulate noise and variability of gene expression, as well as 

the effects of external stimuli and cell cycle progression. SERGIO can model the stochastic nature 

of transcription, the regulation of genes by multiple transcription factors, and the differentiation of 

cells along complex trajectories. SERGIO also allows users to specify a gene regulatory network 

and various parameters that control the simulation process. Using SERGIO, we generated a 

synthetic scRNA-seq dataset that mimics a dynamic differentiation program, similar to the DS11 

dataset described by (77). Our dataset consists of 1800 single cells from 7 cell types, with a gene 

regulatory network of 100 genes.  

 

5.5.7 Analysis of scRNA-seq data 

As a preprocessing step, we scaled, centered, and log-normalized the scRNA-seq gene expression 

data, and extracted the top 3000 most variable genes. We used the top 40 principal components to 

map the highly variable genes onto a lower dimension for clustering, using a k-nearest-neighbor 

graph with K=30. Clusters were visualized using the Python package "UMAP". For the scRNA-

seq data, partition-based graph abstraction (PAGA) was employed to sort cells accurately over 

time, allowing for a detailed mapping of the dynamic progression of the processes. PAGA is an 

extended version of diffusion pseudotime that considers disconnected graphs. By covering both 

aspects of clustering and pseudotemporal ordering it can model the underlying biological 

progression, assigning each cell a pseudotime value that reflects its position along the inferred 

trajectory. Also, Cytoscape and Enrichment Map are used to investigate and visualize the 

connection between the identified biological pathways (135,230).  

 

https://sciwheel.com/work/citation?ids=9570265&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=15521476,327716&pre=&pre=&suf=&suf=&sa=0,0
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In testing our model, we consider the bifurcation from undifferentiated cells to neutrophils. The 

bifurcation is crossed at approximately pseudotime 0.6. For making predictions, we consider the 

first PCA component as a function of pseudotime up to the bifurcation. This still contains a lot of 

data (61309 cells), so we downsample by a factor of 100 to obtain a shorter time series more 

appropriate for our model. We then detrend the data using a Lowess filter with a span of 0.2. We 

are able to obtain 100 unique bifurcation trajectories from the biological data by shifting the 

downsampling procedure one point at a time. We construct 100 null time series (that do not 

undergo a bifurcation) by sampling randomly from the first 20% of the detrended data and adding 

it to the trend of the original data.  

To investigate the effect of gene knockout, we set the expression of a fixed number of genes 

to zero. The genes that are selected are those that are most highly represented in the top PCA 

component. Once these gene expressions have been set to zero, we recompute the top PCA 

component to obtain a new bifurcation trajectory. To investigate the effect of gene overexpression, 

we follow a similar procedure, except we multiply the expression of the most significant genes by 

a factor of two. 

 

5.5.8 Data availability 

The simulated scRNA-seq data can be generated by SERGIO and can be found at: 

https://github.com/PayamDiba/SERGIO. The hematopoiesis Weinreb et al. data can be 

downloaded from Gene Expression Omnibus (GEO) under accession number GSE140802. The 

data set of pancreatic development can be found from GEO under accession number GSE132188. 

The simulated scRNA-seq data generated by the simple gene regulatory network can be found in 

the GitHub repository https://github.com/ThomasMBury/fatenet. 

 

5.5.9 Code availability 

Our Python implementation can be found at: https://github.com/ThomasMBury/fatenet. 

https://github.com/PayamDiba/SERGIO
https://github.com/ThomasMBury/fatenet
https://github.com/ThomasMBury/fatenet
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Chapter 6 

The Power of Two: integrating deep diffusion models and 

variational autoencoders for single-cell transcriptomics 

analysis 

This chapter delves into scVAEDer's capabilities, the first scalable deep-learning model that 

integrates autoencoders and deep diffusion models using scRNA-seq data. This approach learns a 

latent representation of data, which captures both global patterns and local variations. The chapter 

demonstrates scVAEDer's accuracy by showing its ability to generate new high quality scRNA-

seq data, predict perturbation effects across cell types, track gene expression changes during 

dedifferentiation, and identify key regulators in biological processes. The work titled The Power 

of Two: Integrating Deep Diffusion Models and Variational Autoencoders for Single-Cell 

Transcriptomics Analysis was conducted with Prof. Antia Layton and is currently under review at 

the Genome Biology journal (4). The author list on the publication is below: 

Mehrshad Sadria1, Anita Layton1,2,3,4 
1 Department of Applied Mathematics, University of Waterloo, Waterloo, Ontario, Canada. 
2 Cheriton School of Computer Science, University of Waterloo, Waterloo, Ontario, Canada. 
3 Department of Biology, University of Waterloo, Waterloo, Ontario, Canada. 
4 School of Pharmacy, University of Waterloo, Waterloo, Ontario, Canada. 

 

6.1 Overview 

Discovering a lower-dimensional embedding of single-cell data can improve downstream analysis. 

The embedding should encapsulate both the high-level features and low-level variations. While 

existing generative models attempt to learn such low-dimensional representations, they have 

limitations. Here, we introduce scVAEDer, a scalable deep-learning model that combines the 

power of variational autoencoders and deep diffusion models to learn a meaningful representation 

that retains both global structure and local variations. Using the learned embeddings, scVAEDer 

can generate novel scRNA-seq data, predict perturbation response on various cell types, identify 

https://sciwheel.com/work/citation?ids=14694107&pre=&suf=&sa=0&dbf=0
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changes in gene expression during dedifferentiation, and detect master regulators in biological 

processes. 

 

6.2 Introduction  

Recent advancements in single-cell sequencing technologies have presented an unparalleled 

opportunity to examine the characterization of cell types and states with unprecedented resolution 

and scale. Owing to this technology we can now generate vast amounts of data to explore 

intracellular and intercellular interactions and precisely quantify genomic, transcriptomic, and 

other multi-omics information at the cellular level (1). single-cell RNA sequencing (scRNA-seq) 

can also be used in conjunction with other technologies such as CRISPR-based perturbation 

(Perturb-seq) to uncover the function of genes and regulatory elements (2). Despite its potential, 

the technical complexity and high implementation costs of Perturb-seq have limited its widespread 

adoption (3).  

Although scRNA-seq datasets have a high dimensional nature, their intrinsic 

dimensionality is often low, governed by cell regulatory networks (4). Machine learning (ML), 

particularly deep learning (DL) models like autoencoders (AEs), have emerged as powerful tools 

for analyzing this data (5,6). These models excel at various tasks, including dimensionality 

reduction, clustering, data denoising, and batch effect correction (7–9). In addition, there has been 

a surge of interest in using deep generative models, such as variational autoencoders (VAEs) and 

generative adversarial networks (GANs), for scRNA-seq analysis (5,6). By leveraging their ability 

to learn the underlying data distribution, these models have become valuable tools for generating 

realistic simulations of gene expression profiles, reconstructing cellular trajectories, and predicting 

cellular responses to different types of perturbations (7,8). While these generative models have 

demonstrated their potential, there are still issues that need to be addressed. Specifically, VAEs 

can experience posterior collapse (9), and GANs can struggle mode collapse (10), in which the 

learned mapping reduces significant portions of the input data to a single point in the output. Such 

problems are often caused by the disparity between the geometries of the prior and target data 
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distributions (11). The performance of these models is also affected by other issues such as training 

instability, vanishing gradients, and prior hole (12). All these challenges can eventually lead to 

biased or low-quality results, ultimately hindering the application and efficiency of using 

generative models in single-cell technology (13,14).  

Recently, Denoising Diffusion Models (DDMs) have gained significant attention as potent 

generative models. They show their exceptional performance surpassing other generative models 

not only in image synthesis but also in domains such as natural language processing, music, and 

protein structure generation (15–17). In DDMs, the data undergoes a gradual perturbation through 

the diffusion process, then a deep neural network is trained to learn and remove the added noise in 

multiple steps. These methods can subsequently be employed to generate novel data in an iterative 

manner, starting from random noise without having issues associated with VAEs and GANs that 

were previously mentioned (18). However, traditional DDMs necessitate a costly, iterative 

sampling process and lack a low-dimensional latent representation that can capture both high level 

structure and fine-grained variations (19,20). They employ a Markov process to transform the data 

distribution through small perturbations, which demands a large number of diffusion steps in both 

the training and inference phases. As a result, employing DDMs for large datasets is often difficult 

or not feasible. Therefore, to enhance the quality and speed of these models, various attempts have 

been made. These include refining the forward process, implementing a more effective sampling 

method, integrating guidance from a classifier, or utilizing the low dimensional latent space of 

autoencoders for training (19,21–23).  

In this study, we present scVAEDer, a new method for generating high-quality scRNA-seq 

data by combining the strengths of VAEs and DDMs (latent diffusion models). Instead of relying 

solely on VAE's prior, our method incorporates both VAE and DDM priors to more precisely 

capture the distribution of latent encodings in the data. This allows for effective estimation of 

intermediate cell states and precise prediction of gene expression changes during the transition 

process from one cell type to another. Furthermore, by using vector arithmetic in the DDM space 

scVAEDer outperforms state-of-the-art (SOTA) methods in predicting single-cell perturbation 

responses for novel conditions, which are not included in the training process. Finally, we show 
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that our method can successfully identify known and novel master regulatory genes involved in 

cellular reprogramming by computing the velocity of genes during the interpolation process. We 

evaluate the performance of our method by applying it to multiple datasets with diverse sizes and 

characteristics. 

 

6.3 Results 

6.3.1 Method outline 

Generative models have shown great potential in analyzing single-cell data usually by finding a 

lower dimension which facilitates downstream tasks such as visualization, clustering, and data 

generation. However, they are not without limitations. For example, in VAEs one significant issue 

is the prior hole problem, where the distribution of all encodings of the training data does not 

perfectly form a Gaussian due to a mismatch between approximate posterior and prior 

distributions. This can negatively affect the quality of the generated data when interpolating or 

operating directly on the VAE’s latent space. 

We develop scVAEDer that combines the strengths of VAEs and DDMs to produce higher 

quality, and more reliable results without encountering VAE issues. First, it takes single-cell gene 

expression data as input to train a VAE. Then it uses the latent embedding generated by the VAE 

to train the DDM which models the data distribution by learning a denoising process iteratively 

(Methods). Once trained successfully, the reverse process of diffusion can be used as a generative 

model which maps an arbitrary Gaussian noise 𝑁(0, 𝐼) to a new VAE latent representation after T 

successive steps (Fig. 1). Therefore, by sampling from the trained DDM and feeding it to the 

VAE’s decoder, realistic gene expression profiles for different cell types can be generated. 

scVAEDer's ability to generate high-quality data is due to its access to both VAE and DDM latent 

spaces, which enable capturing high-level structures and low-level stochastic variations together, 

consistent with leveraging latent diffusion models in other domains (231–233). Using the trained 

embedding, we can also predict the effects of different perturbations and perform interpolations 

between cell types (Method section for more details). We apply scVAEDer to different biological 

https://sciwheel.com/work/citation?ids=13075114,14630596,13328793&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0&dbf=0&dbf=0&dbf=0
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data and show that the method can accurately approximate the full distribution and trend of key 

genes during perturbation or cellular transition better than SOTA generative models (Fig. 1). Also, 

as biological systems need to respond quickly to external and internal perturbations, we believe 

master regulators can be discovered based on their rate of response. scVAEDer computes the 

velocities by looking at the changes during each interpolation step or considering the average 

velocity over N steps. Gene Set Enrichment Analysis (GSEA) on genes that are ranked based on 

high velocity reveals enrichment in several key pathways. 

Figure 6-1: scVAEDer overview. scVAEDer integrates VAE and DDM. First, a VAE is trained using the 

gene expression data. Then the VAE latent embedding is used to train the DDM through the processes of 

latent space diffusion and denoising. Combining together the model is able to decode back the gene space 

with high accuracy. scVAEDer can be used for different downstream analysis tasks such as generating 

novel high-quality scRNA-seq data, understanding changes in gene expression during cellular 

differentiation, predicting the effect of perturbations on new cell types when expression data is available 
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for multiple conditions, detecting master regulators by interpolating between different cellular states and 

ranking fast responder genes based on their velocity values. 

 

6.3.2 scVAEDer generates novel realistic scRNA-seq data 

The application of DDMs in computer vision has yielded promising results for generating high-

quality images. With this in mind, we investigate the potential of these models in generating single-

cell gene expression data. By using scRNA-seq data of zebrafish hematopoiesis 𝑥0 with 1390 cells 

and 1845 genes, we train a VAE and compute the latent code 𝑍𝑠𝑒𝑚= Encoder(𝑥0). Then, 𝑍𝑠𝑒𝑚 is 

used to train a diffusion model. Figure 2a illustrates the transformation of input data into Gaussian 

noise through a gradual noise addition process using forward diffusion. Once DDM is trained, the 

reverse process can be employed to generate new samples (Fig. 2a, blue process). This involves 

an iterative denoising process, starting with random Gaussian noise. Increasing the number of steps 

in the training of DDMs results in higher-quality data generation, but also increases computational 

costs presenting a tradeoff between sample quality and cost (Methods for more details). To assess 

the performance of the data generation process, we use the fully trained diffusion model to produce 

new samples. Subsequently, we evaluate the quality of these generated samples. Our results show 

that scVAEDer generates high-quality samples with excellent fidelity to the original one, showing 

visual coherence and structural consistency that is important for scRNA-seq data (Fig. 2a). 

Furthermore, we demonstrate that the quality of data synthesis achieved by the diffusion model is 

superior to the ones generated by sampling from VAE’s prior. Figure 2d provides clear evidence 

that the structure of the embedding is lost when just using the VAE prior, while the structure of 

the embedding generated by the diffusion model (Fig. 2c) is similar to the real data embedding 

(Fig. 2b). In addition, we compute the Total Variation Distance (TVD) between the real data 

embedding and those generated by sampling from VAE and scVAEDer to quantitatively determine 

which prior can generate samples closer to the true embedding. The samples produced by 

scVAEDer are significantly closer to the actual values and more precisely capture the distribution 

of latent embedding of data in comparison to the VAE model (Fig. 2e). 
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Figure 6-2: scVAEDer accurately learns the latent representation and generates new high-quality 

scRNA-seq data. a, Red, forward diffusion process with 1000 steps on hematopoiesis in zebrafish as we 

add noise to the data; blue, reverse process as the model learns how to denoise. b, UMAP visualization of 

the real data embedding. c, Samples generated from DDM prior. d, samples generated from the VAE. e, 

Total Variation Distance (TVD) between latent embedding of data and samples generated from the DDM 

as well as VAE prior distributions.  

 

6.3.3 scVAEDer models the transition between cells  

The ability of cells to dedifferentiate and transdifferentiate is crucial in regenerative medicine and 

disease treatments. Leveraging scVAEDer’s access to the entire low-dimensional embeddings, we 

seek to investigate gene expression changes during the cellular transition. We use hematopoiesis 

data, specifically focusing on the transition from monocytes to Hematopoietic Stem/Progenitor 

Cells (HSPC).  Monocytes are a central part of the host immune system and play an essential role 

in immune response and inflammation functions (234). However, the process of deriving 

pluripotent stem cells from monocytes is complicated and challenging (235).  Therefore, we aim 

to leverage scVAEDer to further investigate this process and predict how the expression of key 

https://sciwheel.com/work/citation?ids=425506&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=16201413&pre=&suf=&sa=0&dbf=0
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genes changes as we interpolate between monocytes to HSPCs. To avoid the “prior hole” problem 

in VAEs, we interpolate in the prior space of the latent DDM (Methods). Therefore, we first 

compute the latent embedding for monocytes and HSPCs using the VAE encoder and use DDM 

forward pass to perfectly map the data to its prior (Figure 3a). As there are no prior holes in DDM 

latent space, we can safely move along the interpolation path using 2000 equidistant steps between 

monocytes and HSPCs, and then use the reverse process to achieve the interpolation results in 

VAE’s latent space. These results can then be fed into the VAE’s decoder to understand changes 

in expression patterns as we move along the interpolation trajectory in the gene space. 

Interestingly, there are no samples generated in the empty region, which suggests that scVAEDer 

learns the correct complex dynamic of dedifferentiation (red dots in Fig. 3b). 

Additionally, we compute the correlation between the cells generated by interpolation and 

the average gene expression of monocytes and HSPCs. During the initial interpolation stages, the 

cells exhibit greater similarity to monocytes; but as the process proceeds, they become more 

similar to HSPCs (Fig. 3c). By investigating the expression pattern of key genes during 

interpolation, we can gain a deeper understanding of the fundamental mechanisms driving cell 

dedifferentiation. As can be seen in Figure 3d, there is a notable increase in the expression of 

HSPC markers in zebrafish, such as txnipa, sox4a, itga2b, and banf1 (236–239), which are critical 

regulators of stem cell maintenance and self-renewal. There is also a decrease in the expression of 

monocyte markers, such as cebpb, npsn, lyz, and fcer1gl (240–243), which are essential for the 

maturation and function of monocytes (Supplementary Figure 1 includes the trend of more genes). 

This suggests that scVAEDer can capture the shifts in the activity of key genes during 

dedifferentiation. Moreover, by adjusting the number of diffusion steps before the interpolation 

process, we can modify the level of detail in the generated cells and interpolate at both fine and 

coarse granularities (Supplementary Figure 2 and Methods). This finding is in agreement with the 

results reported by Ho et al (244). 

https://sciwheel.com/work/citation?ids=437654,5509077,8351043,889012&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
https://sciwheel.com/work/citation?ids=14630905,2981876,409845,11057458&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
https://sciwheel.com/work/citation?ids=12653859&pre=&suf=&sa=0
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Figure 6-3: scVAEDer can be used to understand cellular dedifferentiation. a, Mapping HSPC and 

monocyte cells into the latent prior of DDM. b, Using DDM (1000 diffusion steps) and performing latent 

linear interpolation with 2000 equidistant samples (red dots). The absence of any sample generated in the 

empty region suggests that the model has learned an accurate embedding. c, Heatmap showing the similarity 

between gene expression of generated states and the real average expression of HSPCs and monocytes 

(using 100 DDM steps before interpolation). d, Expression of selected marker genes along the interpolation 

path. 

 

6.3.4 scVAEDer predicts perturbation responses using feature manipulation 

By studying cell responses to specific perturbations, we can understand the underlying 

mechanisms of a biological process, such as gene regulation and signal transduction, as well as the 

mechanisms of diseases. Different types of autoencoders have been used in the exploration of the 

effect of various types of perturbations on cells through vector arithmetic (66,192). scVAEDer 

latent can be used to predict the refined perturbed gene expression while avoiding VAE issues. To 

evaluate the performance of our model in predicting perturbation response, scRNA-seq data of 

human peripheral blood mononuclear cells (PBMCs) stimulated with interferon (IFN-β) (245) is 

https://sciwheel.com/work/citation?ids=7244120,14466219&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=4596693&pre=&suf=&sa=0&dbf=0
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used for several training of scVAEDer (Fig. 4a). This dataset includes 6359 control and 7217 

stimulated cells, with dramatic changes in the transcriptional profiles of immune cells induced by 

IFN-β stimulation. Following this initial assessment, we examine scVAEDer's performance in 

predicting perturbation responses across diverse cell types. This evaluation involves comparing 

scVAEDer against the state-of-the-art methods scGen (66) (based on VAE) and scPreGAN (67) 

(based on GAN) by calculating the correlation between the predicted and real average gene 

expression levels for various cell types (Fig. 4b, Methods). Notably, scVAEDer exhibits superior 

performance in predicting perturbation responses compared to the other models. To further 

investigate scVAEDer's performance, we conduct an extensive search to identify genes that are 

shown to be related and important in PBMC from patients with lupus pathogenesis. This includes 

genes such as ISG15, ISG20, FGL2, and ANXA5 (246–249). We then use these genes to assess 

scVAEDer's accuracy in predicting their expression distribution following perturbation for 

Dendritic cells (DC). Here, scVAEDer surpasses scGen in predicting the total distribution of these 

crucial genes, highlighting its high precision (Fig. 4c). Additional results for more key genes are 

provided in Supplementary Figure 3a. 

Furthermore, to assess the overall robustness of scVAEDer, we incorporate an additional 

dataset of intestinal epithelial cells after Salmonella infections and re-evaluate scVAEDer's 

performance against scGen and scPreGAN (Supplementary Figure 3b). This broader evaluation 

confirms that scVAEDer consistently outperforms other methods across various cell types. 

 

https://sciwheel.com/work/citation?ids=7244120&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=13334365&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=15258977,16198315,16198318,1280137&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0&dbf=0&dbf=0&dbf=0&dbf=0
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Figure 6-4: scVAEDer is more accurate than the SOTA methods in predicting perturbation 

responses. a, Data generation using latent prior of DDM with 1000 diffusion steps. b, Comparison of the 

correlation values of average gene expression between real and predicted cells of various cell types obtained 

using scGen, scPreGAN, and scVAEDer. c, Violin plots for selected key genes across control, real 

stimulated, and stimulation predicted by scVAEDer and scGen in Dendritic cells (DC). 

 

6.3.5 Disease progression and master regulators 

The study of specific genes known as "master regulators" is of paramount importance in the control 

of cell fate and differentiation, as they can be targeted to reprogram cells into desired cell types 

and states. As such, their detection is crucial for gaining insights into disease mechanisms and 

advancing the development of potential therapies. Here we investigate the changes in gene 

expression during the transition from failed to reprogrammed cell states and to identify master 

regulators involved in this process. To achieve this, we employ an approach that involves 

interpolating between failed and reprogrammed cell states using scVAEDer. Reprogramming data 

which has 18803 cells, and 28001 genes is used to train scVAEDer after the preprocessing steps. 

We first validate that scVAEDer is able to accurately generate high quality data from Gaussian 

noise (Fig. 5a). Then using the trained model, we obtain the latent embeddings of reprogrammed 
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and failed cells. The UMAP visualization of the cell states in the VAE space can be seen in Figure 

5b. We use the average gene expression of failed and reprogrammed cells and interpolate in 

scVAEDer's diffusion prior. Then the reverse process maps the interpolation results back into 

VAE's space (Fig. 5c). The correlation values are computed between each interpolation step and 

the average gene expression of reprogrammed and failed cells. As we move along the interpolation 

path, the gene expression becomes more similar to the reprogrammed state and less like the failed 

state (Fig. 5d). We are also able to control the level of granularity during the interpolation process 

by adjusting the number of steps of DDM before interpolation (Methods). Additionally, to 

understand marker genes during this transitional process, we calculate the absolute difference 

between the gene expression at time t=0 and t=3000 (corresponds to 20% of the total 15,000 as it 

corresponds to the global structural changes in the data). The genes with the highest absolute scores 

are displayed in Figure. 5e. This allows us to identify both known and previously unknown gene 

markers linked to the reprogramming of fibroblasts (250–253).  

Next, we use scVAEDer to detect the master regulators involved in this process, by 

computing the gene velocities, given by the rate of changes in gene expression during interpolation 

(Fig. 5f). We believe gene velocities are informative as they allow us to identify crucial genes that 

should undergo rapid changes in order to play their central role in a specific biological process. By 

ranking genes based on their absolute velocity values, we detect key genes in this process, 

including Wnt4, Ptma, and FoxA1, which have been shown to be important in reprogramming and 

regeneration processes (List of the top 15 genes and their corresponding functions can be found in 

Supplementary Table 1). As a biological system needs different genes and pathways to be activated 

in order to succeed in different parts of the biological process, our approach makes it possible to 

detect master regulators in each step. Furthermore, we perform gene set enrichment analysis by 

selecting the top 10 genes with the highest velocities at each step of the interpolation process, with 

a focus on the first 40 steps (400 genes in total). Pathways related to morphogenesis, 

developmental process, and differentiation are significantly enriched, which demonstrates the 

ability of scVAEDer to detect related master regulators and pathways of this specific biological 

process (Fig. 5g). 

https://sciwheel.com/work/citation?ids=14759996,805437,16139920,14303699&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0&dbf=0&dbf=0&dbf=0&dbf=0
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Figure 6-5: scVAEDer accurately detects master regulators during cellular reprogramming. a, The 

reverse process of DDM allows the generation of high-quality reprogramming samples from random 
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Gaussian noise (the quality of generated samples is critical for downstream analysis). b, UMAP 

visualization of the data latent embedding, colored based on their state (red: failed, blue: reprogrammed). 

c, Data generated by interpolating between reprogrammed and failed states, represented by red dots. 

Remarkably, none of the interpolated samples are found outside the real representation of data. d, 

Correlation values between the new interpolated samples and the average gene expression of reprogrammed 

and failed cells, which demonstrates the shift in gene expression between failed and reprogrammed states. 

e, Ranking of genes based on high expression differences between t=0 and t=3000. f, Illustration showing 

the process of computing gene velocities along the interpolation path to detect master regulators. g, Gene 

set enrichment analysis using 400 genes with the highest velocities (fast responders), which reveals 

pathways that are crucial during the cell reprogramming process. 

 

6.4 Discussion 

Analyzing scRNA-seq data is a challenging task which involves identifying the appropriate 

underlying data representation. The accuracy of this low-dimensional embedding is crucial for 

many downstream tasks, including cell clustering, perturbation response prediction, gene 

expression analysis, and visualization. By learning the correct representation of data, we are also 

able to generate novel samples, predict the effect of different perturbations on cells, and detect the 

master regulators of a GRN or marker genes of a biological process. To produce high-quality 

samples, the generative model should also be able to take into account and control both high-level 

and low-level variations between different cell types.  

Here we propose scVAEDer, a novel method that unifies the power of VAE and DDM. 

scVAEDer can generate realistic gene expression data using the latent representations of VAE for 

high-level and DDM for low-level variations. scVAEDer has access to the lower dimension of 

data which enables us to predict the effect of different unseen perturbations on a variety of cell 

types. Using several datasets we show that scVAEDer outperforms the SOTA methods in 

predicting the effect of perturbations. Additionally, the DDM prior of our method can be used for 

interpolation between different cell types, allowing us to generate new cells along the 

differentiation trajectory and identify highly expressed genes in each step. We also demonstrate 

that scVAEDer's ability to compute gene velocity (fast responder genes) along the interpolation 

path can be useful in cellular reprogramming. Previous studies have demonstrated that master 

regulators are not typically the genes with the highest differential expression (254). To address 

https://sciwheel.com/work/citation?ids=3342360&pre=&suf=&sa=0
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this, we focus on genes with high velocities instead and are able to discover both novel and 

previously identified master regulators and pathways that have been shown to play a vital role in 

cell fate and cellular reprogramming. It would be beneficial to conduct additional experiments to 

determine whether these identified key genes are specific to the biological process studied here or 

if they hold importance across multiple distinct decision-making processes. Also, investigating the 

relationship between high expression values of these genes and their status as master regulators 

could provide deeper insights into their regulatory functions in various biological contexts. Unlike 

some generative models that rely mainly on autoencoders, scVAEDer leverages the VAE primarily 

for its efficient representation learning capabilities and DDM as the generative model. This 

approach enables scVAEDer to excel in downstream tasks without the limitations typically 

associated with autoencoder-based generative models such as prior hole. 

Future versions of scVAEDer can explore novel approaches to enhance its performance. 

One potential avenue lies in reformulating the DDM component as a continuous process. This can 

be achieved through the implementation of a stochastic diffusion equation (SDE) or a deterministic 

approach like probability flow ordinary differential equations (ODEs). Moreover, scVAEDer's 

architecture offers an opportunity for integration with other representation learning methods 

beyond VAE. Incorporating causal representation learning also holds promise, as it has the 

potential to not only capture the data's intrinsic structure but also unveil the underlying causal 

relationships between key variables. These modifications can improve scVAEDer's performance 

in future versions. 

 

6.5 Methods 

6.5.1 Variational autoencoder (VAE) 

VAE is a generative model that is widely used in different deep learning applications. It can 

generate new samples by capturing the underlying data distribution. It is based on the idea of 

maximizing a lower bound of the log-likelihood of the data. This is achieved by minimizing the 
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KL divergence between the learned distribution and the true distribution. VAE models typically 

consist of two parts: an encoder that transfers input data to a latent space and a decoder network 

that maps latent space back to the original data space. The objective function can be written as: 

 

𝐿(𝜃, 𝜙; 𝑥)  =  −𝐷𝐾𝐿(𝑞𝜙(𝑧|𝑥)||𝑝𝜃(𝑧))  + 𝐸𝑞𝜙(𝑧|𝑥)[𝑙𝑜𝑔𝑝𝜃(𝑥|𝑧)] 

where 𝜃 and 𝜙 are the parameters of the decoder and encoder networks, 𝑥 is the input data, 𝑧 is 

the latent variable, 𝑞𝜙(𝑧|𝑥) is the approximate posterior distribution over the latent variables, and 

𝑝𝜃(𝑥|𝑧) is the conditional distribution over the input data given the latent variables. In the equation 

above the first term is the KL divergence between the approximate posterior and the prior 

distribution 𝑝𝜃(𝑧). That encourages the learned distribution to be as close as possible to the prior 

distribution. The second term is reconstruction loss, which measures how well the model can 

reconstruct the input data from the latent embedding. By minimizing this objective function, the 

VAE model can learn to generate new samples similar to the input data. 

 

6.5.2 Deep Diffusion Model (DDM) 

Diffusion models belong to a category of generative models that have gained popularity in recent 

years. They can generate novel data from complex distributions, with higher quality compared to 

the existing models in this domain. To capture the underlying data distribution, DDMs follow a 

two-step process: a forward diffusion process and a reverse denoising process, working together 

in a coordinated manner. The forward process gradually destroys the structure of the data by adding 

noise, while the reverse process learns to recover the original data from the Gaussian noisy input. 

It should be emphasized that the forward noising process is not trainable, but the reverse 

denoising process is parametrized and learned during training. In these processes, a first-order 

Markov chain with Gaussian transitions for the forward and backward processes is mostly used. 

The forward process can be written as:  
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By choosing the correct values of the noise scheduler, we can assume 𝑞(𝑥𝑡 |𝑥0) is isotropic 

Gaussian. By using the reparameterization trick, we get:  

 

where: 

  

 

It's worth mentioning that besides the Gaussian distribution, there are other distributions such as 

the gamma distribution that can be used. These distributions share a common property, which is 

the fact that the sum of two or more distributions results in the same distribution as well (255). 

The reverse process can be formulated as: 

 

 

which starts from a random Gaussian 𝑥𝑇 ≔ 𝒩(𝑥𝑇 , 0, 𝐼), and in each step, the model learns 

𝑝𝜃(𝑥0:𝑇). To train the reverse process, it has been shown (244) that the loss function below works 

well as it leads to a better result:  

 

We can modify the above equation for our case as we train the diffusion model on the latent 

embedding of VAE. For the sake of simplicity, we ignore some of the weight terms (244). As a 

result, we express the DDM part of the scVAEDer objective as follows: 

https://lilianweng.github.io/posts/2018-08-12-vae/#reparameterization-trick
https://sciwheel.com/work/citation?ids=14649017&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12653859&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12653859&pre=&suf=&sa=0
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where 𝑧 is the encoded value of 𝑥 using the VAE’s encoder 𝑞𝜙 
(𝑧|𝑥).  

Once the training process is complete, it is possible to sample from the DDM prior iteratively using 

the sampling method below: 

 

  

6.5.3 Interpolation 

A number of interpolation settings have been considered in previous generative models to 

understand the trajectory between two states (232,233,256). Here we have implemented two 

distinct interpolation approaches: 

1. By leveraging the VAE, we encode 𝑥1 and 𝑥2 (gene values) to obtain 𝑧1 and 𝑧2 respectively 

in the VAE's latent embedding. Afterward, by using the diffusion forward process, we can 

obtain 𝑞1 and 𝑞2 in the prior space of DDMs. The interpolation can be performed in that 

space using 𝑞̂12(𝜆) = (1 − 𝜆)𝑞̂1 + 𝜆𝑞̂2, where 𝜆 is between [0,1]. Then the reverse process 

map 𝑞̂12 back to the VAE’s latent space and then by using the decoder of the VAE we can 

compute the interpolation values in the gene space., where 𝜆 is between [0,1]. Then the 

reverse process map 𝑞̂12 back to the VAE’s latent space and then by using the decoder of 

the VAE we can compute the interpolation values in the gene space. 

 

2. Following a similar approach as the previous part, we compute 𝑧1 and 𝑧2 using the VAE's 

encoder, and subsequently conduct interpolation using 𝑧̂12(𝜆) = (1 − 𝜆)𝑧̂1 + 𝜆𝑧̂2. Then by 

adding Gaussian noise 

to 𝑧̂12https://www.codecogs.com/eqnedit.php?latex=\hat{\mathbf{z}}_{1 2}, and 

performing the reverse diffusion process, we are able to generate better quality results than 

those produced solely by VAE. As in the previous section, the output of the reverse process 

is fed to the VAE's decoder to map the embedding values from the VAE to the gene space.  

 

https://sciwheel.com/work/citation?ids=14630596,13328793,14630616&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0&dbf=0&dbf=0&dbf=0
https://www.codecogs.com/eqnedit.php?latex=%5Chat%7B%5Cmathbf%7Bz%7D%7D_%7B1%202%7D#0
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The choice of interpolation approach is determined by the objective and the computational 

resources available. In this paper, we use the first approach for interpolation tasks as it provides 

greater flexibility and control over the number of diffusion steps and the amount of noise added. 

This level of control allows for a range of interpolation options, from coarse to fine adjustments, 

which can be advantageous in various scenarios. Previous studies have effectively demonstrated 

the benefits of this approach (244). Alternatively, for users with limited computational resources, 

the second method offers a more straightforward and computationally efficient solution. 

 

Also, to achieve more consistent results, different methods can be used, such as an implicit instead 

of a probabilistic method (DDIM over DDPM) or the deterministic probability flow ODEs 

(256,257). Here we fix the stochasticity for all generated samples during interpolation to increase 

smoothness between samples. It is also essential to select the appropriate number of diffusion steps 

for each unique task, as this determines whether interpolation takes place at more refined or coarse 

levels of detail. When the diffusion step is zero, interpolation takes place in the VAE’s latent space. 

As we increase the number of diffusion steps, the initial interpolation information gradually 

diminishes, resulting in interpolations that are less detailed, coarser, and more varied 

(Supplementary Figure 2). 

 

6.5.4 Model architecture and training process 

scVAEDer is trained on 4 Nvidia Tesla M60 machines with 32 GB GPUs, 448 GB system RAM, 

and 48 vCPUs. The training process involves two stages (detailed in Supplementary Tables. 2 and 

3). The initial stage trains a VAE model, followed by the second stage where the diffusion model 

uses the latent embedding learned from the trained VAE. We choose a two-stage training process 

due to the higher memory and resource requirements of end-to-end training. Also, previous 

research has shown that end-to-end training can reduce both the quality of the generated data and 

the performance of the model (232). To ensure that the model can accurately learn the data 

embedding and generate high-quality samples, it is essential to select the suitable parameters, such 

https://sciwheel.com/work/citation?ids=12653859&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=14630616,14557049&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=14630596&pre=&suf=&sa=0
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as the VAE and DDM network architectures, the number of diffusion steps, and the level of noise 

added during the forward process (Supplementary Tables 2 and 3). Therefore, a random 

hyperparameter search is performed on these parameters to minimize the loss functions, ultimately 

leading to better model performance. Notably, high-quality data generation in diffusion models 

depends on a crucial factor: the interplay between the number of steps and layers within the DDMs. 

While intuitively increasing these parameters seem beneficial, a critical trade-off exists. On the 

one hand, a larger number of steps facilitates a more gradual and controlled noise manipulation 

process. This finer control can lead to potentially higher fidelity in the generated data. However, 

this benefit comes at a significant cost. A substantial increase in computational resources is 

required as the number of steps and layers grows. Furthermore, excessively high step counts can 

lead to overfitting, resulting in unrealistic or overly smooth outputs that lack the natural 

characteristics of real data. Therefore, achieving a balance between computational complexity and 

quality of data generation is crucial. This can be achieved based on the available computational 

resources and checking the performance of the model with different hyperparameters to avoid 

overfitting and ensure optimal data generation. We observed that identifying the optimal DDM 

parameters, such as the number of diffusion steps, plays a key role in increasing model 

performance, as it directly influences the quality of generated data. 

6.5.5 Exponential Moving Average (EMA) 

EMA can be used to improve the performance of the training process. Unlike the conventional 

methods which directly adjust model weights, EMA calculates a running average of the model's 

weight parameters over the training process. This can lead to a more stable set of parameters. In 

our case, the weight parameters for the latent DDMs are tracked using EMA with a decay value of 

0.999. 
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6.5.6 Variance Scheduler 

The noise schedules 𝛽1 to 𝛽𝑇 are chosen such that the chain approximately converges to a standard 

Gaussian distribution after T steps. The variance parameter can be fixed to a constant or chosen as 

a schedule over the timesteps. To improve the performance, we incorporated three distinct variance 

schedulers, such as linear, quadratic, and sigmoidal. The user has the option to select any of these 

schedulers. The beta values are between 1𝑒−5 and 0.5𝑒−2 (Supplementary Figure 4). 

 

6.5.7 For visualization, reduced dimension data 

Clusters are visualized using the Python package "UMAP". 

 

6.5.8 Data preprocessing 

The scRNA-seq gene expression data are centered and log-normalized. 2000 highly variable genes 

were chosen. We also performed batch normalization on the latent layer of VAE before training 

DDM as we found it improves the convergence speed and accuracy of the model. 

 

6.5.9 Comparison with other methods 

In comparison with alternative methods, we obtain the scGen python package from the GitHub 

repository https://github.com/theislab/scgen and configure the requisite experimental environment 

accordingly. Subsequent modifications are applied to the scGen architecture to reduce 

computational complexity. To ensure a consistent evaluation, we maintain identical neural network 

architecture and hyperparameters for both scVAEDer and scGen. For scPreGAN, we utilize the 

python package available at https://github.com/JaneJiayiDong/scPreGAN.git and follow the 

default parameters outlined in their publication, with the exception of adjusting the model to 

accommodate 256 nodes instead of 512 and 128 nodes instead of 256 to facilitate a fair comparison 

and alleviate computational cost. We also evaluated scVAEDer's performance against VEGA(46). 

We excluded VEGA's performance from the comparison since its correlation values (ranging from 

https://github.com/theislab/scgen
https://github.com/JaneJiayiDong/scPreGAN.git
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0.53 to 0.6 across cell types) were lower than those of other methods, such as scGen and 

scPreGAN. VEGA places a stronger emphasis on interpretability within its latent layer to provide 

insights into diverse biological experiments. The VEGA Python package was obtained from its 

GitHub repository: https://github.com/LucasESBS/vega. 

6.5.10 Data availability 

All datasets analyzed in the current study are publicly available and can be downloaded from 

their public repository. The zebrafish hematopoiesis (78) raw data can be found under the 

accession number E-MTAB-5530 on ArrayExpress. The raw PBMC of lupus patients (245) and 

Salmonella infection (258) datasets are available on the NCBI’s Gene Expression Omnibus 

under accession numbers GSE96583 and GSE92332. The preprocessed ones can be downloaded 

from:https://github.com/theislab/scgen-reproducibility/blob/master/code/DataDownloader.py. 

Raw reprogramming data (259) is available from the Gene Expression Omnibus under accession 

number GSE99915. The preprocessed version can be downloaded from 

https://cospar.readthedocs.io/.  

 

6.5.11 Code availability 

Our Python implementation along with the versions of the packages used can be found at: 

https://github.com/MehrshadSD/scVAEDer 
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Chapter 7 

Deep Lineage: Single-Cell Lineage Tracing and Fate 

Inference Using Deep Learning 

This chapter highlights Deep Lineage, a novel deep-learning method for analyzing time-series 

scRNA-seq data with matched lineage-tracing data. Our method accurately predicts early cell fate 

biases and gene expression profiles at different time points within a clone, surpassing current state-

of-the-art methods in fate prediction accuracy. Also, through in silico perturbations in cellular 

reprogramming and hematopoiesis data, we show that Deep Lineage accurately models dynamic 

multicellular responses while identifying key genes and pathways associated with cell fate 

determination. This research was conducted in collaboration with Allen Zhang (an undergrad 

student in our lab) and Prof. Gary Bader. The work titled Deep Lineage: Single-Cell Lineage 

Tracing and Fate Inference Using Deep Learning is currently under review at Cell Systems (5). 

The author list on the publication is below: 

Mehrshad Sadria1, Allen Zhang1, Gary D. Bader2,3,4,5,6,7 
1 Department of Applied Mathematics, University of Waterloo, Waterloo, Ontario, Canada. 
2 Department of Molecular Genetics, University of Toronto, Toronto, Ontario, Canada. 
3 The Donnelly Centre, University of Toronto, Toronto, Ontario, Canada.  
4 Department of Computer Science, University of Toronto, Toronto, Ontario, Canada.  
5 The Lunenfeld-Tanenbaum Research Institute, Sinai Health System, Toronto, Ontario, Canada.  
6 Princess Margaret Cancer Centre, University Health Network, Toronto, Ontario, Canada. 
7 CIFAR Multiscale Human Program, CIFAR, Toronto, Ontario, Canada 

 

7.1 Overview 

Recent advances in single-cell RNA-sequencing and lineage tracing techniques have provided 

valuable insights into the temporal changes in gene expression during development, tumour 

progression, and disease onset. However, there are few computational methods available to 

analyze this information to help understand multicellular dynamics. We introduce Deep Lineage, 

a novel deep-learning method for analyzing time-series single-cell RNA sequencing with matched 

lineage-tracing data. Our method accurately predicts early cell fate biases and gene expression 

https://sciwheel.com/work/citation?ids=16869167&pre=&suf=&sa=0&dbf=0
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profiles at different time points within a clone, surpassing current state-of-the-art methods in fate 

prediction accuracy. Additionally, through in silico perturbations in cellular reprogramming and 

hematopoiesis development data, we show that Deep Lineage can accurately model dynamic 

multicellular responses while identifying key genes and pathways associated with cell fate 

determination. 

 

7.2 Introduction 

Developmental biology aims to understand the processes by which single cells divide and 

differentiate into diverse cell types in different tissues (1). Single-cell RNA-sequencing (scRNA-

seq) is a powerful tool for investigating developmental landscapes by profiling gene expression in 

individual cells at different stages (2). While scRNA-seq is valuable for investigating genetic 

mechanisms in cell differentiation, its destructive nature restricts it to capturing only a single time 

point snapshots of a developing system. This constraint poses challenges in tracing lineage 

relationships and tracking cell trajectories over time (3). 

To overcome this limitation, a range of methods have been developed to study temporal 

relationships between cells. One class of computational methods, trajectory inference, predicts the 

order of cells along a developmental path based on the idea that cells that are developmentally 

related will exhibit similar gene expression profiles (4). However, trajectory inference methods 

are limited in their capacity to capture the complexity of developmental processes, such as lineage 

branching and cellular plasticity, and can be negatively affected by technical factors and noisy data 

(5,6). New experimental lineage tracing technologies that use CRISPR/Cas9 genome editing to 

record cell division events provide another avenue for studying cell development (7). Using data 

produced by these technologies, computational methods have been developed to infer 

developmental trajectories by considering both cell lineage and cell state information from 

multiple time points (8–11). Integration of these two types of information has made predictions 

more accurate (12). However, despite these advances, the existing methods still can not accurately 

predict cell fate (13). 
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Here, we present Deep Lineage, a novel computational model that integrates lineage tracing and 

scRNA-seq data to learn cellular trajectories, enabling the prediction of gene expression and cell 

type at any given time point along a trajectory. Deep Lineage uses Long Short-Term Memory 

(LSTM), Bi-directional Long Short-Term Memory (Bi-LSTM), or Gated Recurrent Units (GRUs) 

to model complex sequential dependencies and temporal dynamics of a cellular trajectory. An 

autoencoder-learned embedding captures essential features of the data to simplify input to the 

LSTM. To assess method performance, we analyzed data sets containing both lineage tracing and 

scRNA-seq data. Our results demonstrate that Deep Lineage surpasses state-of-the-art methods in 

detecting early fate bias within a developmental process and can accurately predict gene expression 

profiles at held-out time points within a clone during a biological process. Furthermore, we show 

Deep Lineage's ability to identify important genes and pathways involved in cell fate decision-

making during a developmental process and accurately simulate genetic perturbation effects on 

gene expression of cell progenies. Such insights can aid in designing experiments to reprogram 

cells into specific cell types and potentially translate to clinical applications. 

 

7.3 Results 

7.3.1 Model Overview 

Deep Lineage uses lineage tracing and multi-timepoint scRNA-seq data to learn a robust model of 

a cellular trajectory such that gene expression and cell type information at different time points 

within that trajectory can be predicted. It can be used to predict single-cell time points that have 

not been measured in a clone, including predicting cell fate at future time points from early time 

points (early cell fate bias). An autoencoder-learned embedding captures essential data features 

and a LSTM, Bi-LSTM (260) or GRU (261) is used to support cell type classification and gene 

expression regression tasks (Fig. 1). Deep Lineage treats cells and their progenies within a clone 

as interconnected entities. We conceptualize cellular relationships through "clones," which 

represent cells organized within a common lineage. These clones illustrate how cells are related 

https://sciwheel.com/work/citation?ids=11075490&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13161060&pre=&suf=&sa=0
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over time, similar to how components of a system are linked through shared functions or 

characteristics.   

 

Figure 7-1: Predicting Gene Expression and Early Cell Fate Bias via Combined scRNA-seq and 

Lineage Tracing. A visual depiction of the Deep Lineage is presented. On the left, the Waddington 

landscape illustrates the developmental trajectory, showing how cells within each clone (represented by 

different colours) differentiate into distinct mature cell types originating from stem cells. On the right, by 

combining scRNA-seq data and lineage tracing information the gene expression profiles of cells within 

each clone are used as input for the autoencoder. The resulting latent embeddings of cells in a clone are 

subsequently used as inputs for the LSTM, Bi-LSTM, or the GRU model. This integrated architecture 

enables the accurate prediction of both early cell fate bias and gene expression profile of unseen days within 

a clone. Notably, Deep Lineage offers the flexibility to adapt different preprocessing steps, diverse 

barcoding techniques, various dimensionality reduction methods, and a range of various deep learning 

models (left black box). 

 

We train the model, including an extensive hyperparameter search and data preprocessing to 

optimize the model's performance (lowest loss for reconstruction and classification), on predicting 

held-out time points. We then train the optimized model with all data. To use the model, single-

cell gene expression profiles from one or more time points are encoded in the learned 
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autoencoder’s low-dimensional representation. This encoding and the cell’s clone label are fed 

into the LSTM or GRU network to predict cell fate bias for input cells, by examining cell types 

for each clone at a predicted future time point (Fig. 1). The model also predicts gene expression 

profiles for cells at different stages of the trajectory that can be used to impute missing time points. 

Deep Lineage can incorporate lineage tracing data using either single barcoding or cumulative 

barcoding methods (Supplementary Figure 1). Lineage tracing with cumulative barcoding can 

significantly boost the accuracy of the model compared to single barcoding resulting in more 

accurate predictions for both early cell fate bias and gene expression patterns at different stages of 

development (see below). By applying the SHapley Additive exPlanations (SHAP) method (149) 

to the trained model, Deep Lineage can accurately identify key genes and regulatory mechanisms 

linked to different fate outcomes at different developmental stages. 

 

7.3.2 Deep Lineage accurately predicts gene expression and early cell fate bias 

in mouse hematopoiesis 

We applied Deep Lineage to the published lineage tracing data of mouse hematopoiesis, which 

consists of gene expression of 130,887 cells, and 25,289 genes (81). These clones are sampled 

from three time points, on days 2, 4, and 6. We focused on the main cell lineage in this data set, 

specifically neutrophils, monocytes, and their progenitors (Fig. 2a). We trained models to predict 

the gene expression profile of held-out cells at two-time points within a clone (predict day 4 by 

training with days 2 and 6 and predict day 6 by training with days 2 and 4)(Fig. 2b), including 

optimizing preprocessing steps and hyperparameters (see methods). We calculated the correlation 

between the gene expression profile of the predicted and held-out cells. The results demonstrated 

a high degree of similarity (𝑅 = 0.81 for both experiments), indicating that Deep Lineage 

accurately predicts the gene expression of cells unseen by the model on both day 4 (trained on 

days 2 and 6) and day 6 (trained on days 2 and 4) (Fig. 2c and Supplementary Figure 3a). Also, 

the correlation between predicted gene expression and randomly sampled cells was lower, showing 

the specificity and accuracy of the model's predictions for the targeted cell types (Fig. 2c). We also 

observe a strong positive correlation between the average predicted expression of all genes and 

https://sciwheel.com/work/citation?ids=13120251&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=8126612&pre=&suf=&sa=0
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actual expression in both monocytes and neutrophils on day 4 (Fig. 2d,e). Deep Lineage excels at 

predicting average gene expression and the full distribution of diverse genes, even for cells within 

a clone that were previously unseen by the model (Fig. 2f,g). 
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Figure 7-2: Deep Lineage accurately predicts single-cell gene expression of unseen cells in 

hematopoiesis a, UMAP plot of the hematopoiesis data from Weinreb et al. Each point represents an 

individual cell, color-coded by cell type. b, Schematic representation of the gene expression prediction 

process using two regression models: one for predicting day 4 gene expression (trained on data from days 

2 and 6), and the other for predicting day 6 gene expression (trained on data from days 2 and 4) within a 

clone. c, Correlation of gene expression between Deep Lineage predictions and cells excluded during 

training, categorized by cell types and time points. d,e, Comparison of average gene expression values of 

2000 genes between Deep Lineage predicted and real cells for Monocytes and Neutrophils. Gene expression 

at day 4 was averaged across predicted cells per clone, and then correlation was computed with actual data 

for each gene (𝑹𝟐 indicates the squared Pearson correlation coefficient between the predicted and ground 

truth values). f,g, Violin plots show gene expression distributions between predicted and real cells for 

randomly selected genes both Monocytes and Neutrophils. 

 

To investigate early cell fate bias (Fig. 3a) in hematopoiesis, we trained a new bidirectional LSTM 

model using the cell type classification task and used it to predict late time point data from an early 

time point. Using just the gene expression of cells on day 2 of a clone, with the masking of data 

from days 4 and 6, the model attains a predictive accuracy of 76.8% in determining cell fate on 

day 6 (Fig. 3b). Providing gene expression of cells on days 2 and 4 of a clone improves the 

performance slightly and the model predicts the clonal fate on day 6 with 78.5% accuracy. If the 

model has access to the gene expression data from cells of all three days within a clone, it can 

almost perfectly predict the fate of the clone (99.2%) (Fig. 3b). This classification accuracy 

pertains to identifying the clone itself rather than predicting its fate. Subsequently, we generate the 

area under the curve (AUC) for cell fate prediction of this model by using gene expression of cells 

on days 2 and 4, and all 3 days (Fig. 3c). Thus, by using the trained classifier, we can predict the 

early progenitor bias from an early time point, accurately differentiating between monocyte and 

neutrophil outcomes. The model performance improves when trained with additional time points. 

Furthermore, to investigate the importance of lineage tracing and clonal information, we conducted 

an ablation study where we performed random sampling of cells at each time point, deliberately 

ignoring clonal data. For the experiment where we trained on day 2 and predicted outcomes for 

day 6, we constructed trajectories by focusing solely on the day of the cell and its final fate outcome 

while disregarding the clonal information.  The results indicate that neglecting lineage tracing 

information substantially reduces Deep Lineage's prediction accuracy from 77% to 52%. Adjusting 

the model's architecture (LSTM vs. GRU, hyperparameter changes) results in minimal change in 
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accuracy (from 50% to 52%), highlighting the important role of clonal structure in fate prediction 

(Supplementary Figure 5a and Supplementary Tables 4). 

Next, in a thorough comparison, we assessed our method alongside the state-of-the-art 

models: Cospar (262), Super OT (263), WOT (264), and GAN-Based OT (265), in predicting the 

fate of held-out clones during training. Our results indicate that Deep Lineage outperforms all 

other existing methods, demonstrating superior accuracy in predicting early fate bias (Fig. 3d). 

Specifically, the comparative analysis revealed that Deep Lineage achieved a high accuracy rate 

of 77%. In contrast, other methods such as Cospar attained a rate of 65%, Super OT exhibited a 

slightly higher accuracy at 67%, WOT maintained a similar accuracy of 65%, and GAN-Based 

OT achieved 62%. 

 

Figure 7-3: Exploring progenitor bias prediction in hematopoiesis with Deep lineage and comparison 

to state-of-the-art methods. a, Schematic UMAP diagram illustrating the trajectory of stem cell 

differentiation and the possible cellular outcomes with cell colors indicating distinct clonal lineages. Grey 

https://sciwheel.com/work/citation?ids=12541305&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=13978778&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=6347423&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16896795&pre=&suf=&sa=0
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points represent other mature cell types (not neutrophils and monocytes). b, Performance evaluation of the 

classifier using accuracy and cross-entropy loss metrics to predict early cell fate bias by employing gene 

expression of cells on just day 2, using cells on days 2 and 4, and including all three days within a clone. c, 

Receiver Operating Characteristic (ROC) curves and Area Under the Curve (AUC) values for the model 

using cells from days 2 and 4 or all three days with a clone, showing our model's performance in early cell 

fate bias prediction. Day 2 performance is very close to day 2&4 performance, thus not plotted. d, 

Comparative analysis with state-of-the-art methods in predicting early cell fate bias. Deep Lineage 

outperforms existing methods showing a higher classification accuracy. 

 

7.3.3 Deep Lineage accurately predicts gene expression and early cell fate bias 

in regeneration 

To evaluate the performance of our model on another dataset with more time points, we applied 

Deep Lineage to the reprogramming process of fibroblasts into induced endodermal progenitor 

(iEP) cells over 28 days (259). This data comprises gene expression data for 18803 cells and 28001 

genes, across six time points (days 6, 9, 12, 15, 21, 28), with corresponding barcode-derived 

lineage data at three time points (days 0, 3, 13) (Fig. 4a). Following the same approach as above, 

we first perform an extensive hyperparameter search to select the parameters that yield the highest 

correlation between the held-out samples during training and those predicted by the model (See 

methods, Supplementary table 3). Then we assess the ability of our model to predict gene 

expression on different days during the fibroblast transition to iEP cells. Our method consistently 

has high performance in generating realistic gene expression profiles, regardless of the specific 

time point chosen for analysis (Fig. 4b, Supplementary Figure 3b). We also compared the gene 

expression distribution between the model's prediction and held-out cells at day 28 and showed 

that Deep Lineage can accurately predict the full gene expression distribution for both failed and 

reprogrammed cells (Fig 4c, and Supplementary Figure 4). Also, we observe a high similarity (𝑅2 

= 0.987) between the average predicted gene expression and the actual expression levels for genes 

in both successfully and failed reprogrammed cells (Fig. 4d,e). 

 

https://sciwheel.com/work/citation?ids=6111228&pre=&suf=&sa=0
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Figure 7-4: Deep Lineage accurately predicts single-cell gene expression of unseen cells in 

reprogramming. a, UMAP visualization demonstrates fibroblast cell reprogramming into iEPs, dots 

represent cells and are color-coded by time point. b, Correlation values between gene expression of ground 

truth cells and Deep Lineage predictions for cells excluded during training across different stages of the 

reprogramming process. c, Violin plots show gene expression distributions between real cells and Deep 

Lineage predictions for randomly selected genes for both Failed and Reprogrammed cells. d,e. Comparative 

analysis of the top 2000 differentially expressed genes between predicted and real cells. High correlation 

values are observed for both successful and failed reprogramming cells, highlighting the accuracy of the 

model for different cell types (𝑹𝟐 indicates the squared Pearson correlation coefficient between the 

predicted and ground truth values). 

 

We evaluate Deep Lineage's performance in predicting the outcome of the reprogramming process 

with ground truth labels and compare it to the current state-of-the-art method, Cellrank. (266). 

After training by providing the first four time points of the process (day 6, day 9, day 12, day 15) 

our model can predict the reprogramming outcome on day 28 with high accuracy (94%) (Fig. 5b). 

ROC analysis shows that Deep Lineage outperforms Cellrank irrespective of the number of days 

analyzed (Fig. 5c). As expected, by giving the model more early time points to use to infer later 

time points, the performance of both methods improved, but Deep Lineage performs better in all 

cases (Fig. 5c). To test our model under ablation conditions, we predict the reprogramming 

outcome by sampling cells from days 6, 9, 12, 15, and 21 without considering clonal information. 

As seen for the mouse hematopoiesis ablation study, the results show a decrease in performance, 

with the average accuracy dropping from 99% to 50.6%. Also similar to our findings with 

hematopoiesis, changing the model's architecture (LSTM vs. GRU, hyperparameter changes) has 

a limited impact on accuracy, which remains in the range of approximately 49% to 51%. This 

again highlights the importance of considering clonal structure in accurately predicting 

reprogramming outcomes (Supplementary Figure 5b). 

 

https://sciwheel.com/work/citation?ids=12263367&pre=&suf=&sa=0
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Figure 7-5: Early cell fate prediction in reprogramming with Deep Lineage and comparison to state-

of-the-art method. a, UMAP visualization illustrates progenitor bias toward either successful or failed 

reprogramming outcomes. b, The model's accuracy in detecting successful or failed outcomes of 

progenitors is examined using gene expression data of cells up to days 12, 15, 21, and all days within a 

clone. c, Benchmarking comparison between Deep Lineage and CellRank in predicting fate outcome when 

using all time points up to a given time point (e.g. day 12) to infer time point “day 28”. Using ROC curves 

and AUC values, the graph shows the predictive power of both models in predicting fate bias. Deep Lineage 

consistently outperforms CellRank. 

 

7.3.4 Deep Lineage can identify key genes in cellular reprogramming and 

generate realistic in silico perturbation experiments 

Detecting and targeting key genes involved in cell reprogramming is useful for advancing our 

understanding of the system and potential therapeutic applications (61). Deep Lineage uses its 

learned latent representation to predict cellular fate and gene expression profiles and SHAP 

analysis to identify key genes within the reprogramming process. We tested this ability of Deep 

Lineage by using both fibroblast reprogramming and mouse hematopoiesis data (81,259) and 

performed a series of in silico perturbations to manipulate the fate of these systems. Using SHAP, 

we predicted key genes for the reprogrammed and failed trajectories across various time points. 

Known essential marker genes of reprogramming (259,267–269) (Apoa1, Cryab, Col1a1, and 

Sox11) are in this list. Supplementary Table 1 presents a curated list of these genes, including their 

established functions in cellular reprogramming and related processes. We also performed Gene 

Set Enrichment Analysis (GSEA) on the top 200 gene candidates demonstrating the ability of Deep 

Lineage to detect reprogramming-relevant biological pathways such as system and tissue 

https://sciwheel.com/work/citation?ids=10612918&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=6111228,8126612&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=6111228,6289911,12156191,7456045&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
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development, proliferation signals, and cellular differentiation (Fig. 6c). Together these results 

suggest that Deep Lineage can be used to identify important reprogramming genes and processes. 

Our goal is to alter cellular fate and reprogram cells in silico, steering them away from 

trajectories heading towards undesirable "dead-end" outcomes (Fig. 6a). We focused on the top 10 

genes identified by the SHAP method in the failed trajectory path (Fig. 6d). After conducting a 

series of in silico perturbation experiments, which included over-expression and knock-out of these 

genes on day 15 of failed outcome clones, we applied Deep Lineage to generate gene expression 

profiles for days 21 and 28 (Fig. 6a). Subsequently, we input the generated perturbed time series 

back into Deep Lineage to evaluate the perturbations' effectiveness in redirecting the fate of the 

initially failed clones. After the perturbation, the classifier shows that the trajectory changed, with 

the fate of the failed clones changing to successfully reprogrammed, demonstrating the ability of 

the model to predict a way to lead to more successful cellular reprogramming. To further evaluate 

these predictions, we conducted a correlation analysis comparing the average gene expression of 

in silico reprogrammed cells on day 28 to both real reprogrammed cells and real failed cells. Our 

results show a significantly higher similarity between the generated in silico successful 

reprogrammed cells and real successful reprogramming cells (Pearson correlation = 80.3%) 

compared to the real failed cells (39.9%) (Fig. 6b). This additional analysis further supports Deep 

Lineage's ability to generate realistic gene expression for cells undergoing in silico perturbation. 

We also applied Deep Lineage to hematopoiesis data to identify important genes and 

simulate the fate switch from neutrophils to monocytes (Fig. 6e). This analysis identified important 

genes, including some known genes (e.g. Dlk1, Gata2, Mmp8, Elane, and Lpl) important in the 

switch from neutrophils to monocytes (Fig. 6f, Supplementary Table 1) (270–274). Using the 

trained model and performing GSEA on the top 200 identified genes reveals significant enrichment 

of pathways associated with immune system development, differentiation, and hematopoiesis (Fig. 

6g), indicating the model's ability to capture biological pathways relevant to hematopoiesis. By 

performing in silico knockouts of the top genes of progeny cells on day 2 of clones predestined to 

become neutrophils, we were successfully able to alter the predicted final fate of the clone, pushing 

https://sciwheel.com/work/citation?ids=10719678,8320918,7731627,5181251,8634079&pre=&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&suf=&sa=0,0,0,0,0
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it toward monocytes by day 6. These results again demonstrate that Deep Lineage can accurately 

simulate and predict gene expression during in silico perturbation. 

 

Figure 7-6: In silico perturbations of early cells in hematopoiesis and reprogramming data 

successfully modify cell fate at later stages. a, UMAP representation showing the procedure for in silico 

perturbation of cells on day 15 within failed reprogrammed clones, aiming to switch them into successfully 

reprogrammed states. b, Correlation values between in silico perturbed data and actual successfully and 

unsuccessfully reprogrammed cells on Day 28, showing the power of Deep Lineage in performing in silico 

experiments. c, Gene set enrichment analysis reveals the biological processes associated with the top 200 

genes identified by the SHAP method (40 genes selected from each time point) d, Identification of the top 
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10 gene candidates using SHAP analysis at each time point during fibroblast cell reprogramming. e, UMAP 

visualization depicting the in silico perturbation experiment targeting progenitor cells (Dark orange) in 

clones with a Neutrophil fate (blue), resulting in a transformation to Monocytes (green). f, The top 10 gene 

candidates for hematopoiesis detected by SHAP analysis across all time points. g, Gene set enrichment 

analysis of the top 200 genes identified by SHAP analysis. 

 

7.4 Methods 

7.4.1 Autoencoder for latent embedding of scRNA-seq data 

To achieve the reduced dimension of the data before training the LSTM model, we employed an 

autoencoder, an unsupervised neural network algorithm (275). The autoencoder consists of two 

components: an encoder, which compresses the high-dimensional scRNA-seq data into a lower-

dimensional latent space, and a decoder, which reconstructs the data back to the original input 

space. The objective of the autoencoder is to minimize the reconstruction error, measured using 

the mean squared error (MSE) loss function, expressed as: 

LAE =
1

N
∗ ∑ ||xi − Decoder (Encoder(x(i) ))||

N

i=1

 

Where N is the number of training samples, is the i-th input data sample which is the gene 

expression of a cell. Encoder( ) and Decoder( ) represent the encoder and the decoder parts of the 

autoencoder. By minimizing the above loss, the autoencoder learns a lower-dimensional 

representation of the data while preserving important biological features, facilitating the analysis 

of time series models (LSTMs, GRU) 

7.4.2 RNN models for gene expression and early cell fate prediction 

For the regression task of predicting gene expression for cells within a clone, we harnessed the 

power of RNNs, mainly LSTMs and GRU. Unlike traditional feedforward neural networks, LSTM 

networks have loops and gates that enable information to persist and flow through time steps, 

making them well-suited for tasks involving time series and sequential data analysis. The 

distinguishing feature of LSTM is its memory block, which maintains a hidden state and a block 

https://sciwheel.com/work/citation?ids=15318637&pre=&suf=&sa=0
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state. The block state acts as a long-term memory, enabling the network to keep and update relevant 

information over long time ranges. The hidden state carries short-term memory and interacts with 

the block state through various gates. The LSTM block is composed of three main gates that 

control the flow of information: the input gate (i), the forget gate (f), and the output gate (o) (276). 

The input gate decides how much of the new input should be added to the block state. The forget 

gate controls what information from the previous block state should be discarded, allowing the 

network to selectively remember or forget information. The output gate determines what part of 

the block state should be exposed as the hidden state. The equations governing the LSTM block 

operations are as follows: 

Input gate 𝑖𝑡: 

𝑖𝑡  =  𝜎(𝑊𝑖  ∗  ℎ𝑡−1  +  𝑈𝑖  ∗  𝑋𝑡  + 𝑏𝑖) 

Forget gate 𝑓𝑡: 

𝑓𝑡  =  𝜎(𝑊𝑓  ∗  ℎ𝑡−1  + 𝑈𝑓  ∗  𝑋𝑡  +  𝑏𝑓) 

Output gate 𝑜𝑡: 

𝑜𝑡  =  𝜎(𝑊𝑜  ∗  ℎ𝑡−1  + 𝑈𝑜  ∗  𝑋𝑡  +  𝑏𝑜) 

Block state 𝑐𝑡: 

𝑐𝑡  =  𝑓𝑡 ∗  𝑐𝑡−1  +  𝑖𝑡  ∗ tanh(𝑊𝐶  ∗  ℎ𝑡−1  +  𝑈𝑐  ∗  𝑋𝑡  +  𝑏𝑐) 

Hidden state ℎ𝑡: 

ℎ𝑡 =  𝑜𝑡  ∗ tanh(𝑐𝑡) 

Here, 𝑋𝑡 represents the input at the current time step, ℎ𝑡−1 denotes the hidden state from the 

previous time step, and σ is the sigmoid activation function. The weights and biases, represented 

by 𝑊𝑖 , 𝑊𝑓, 𝑊𝑜, 𝑊𝐶, 𝑈𝑖, 𝑈𝑓, 𝑈𝑜, and  𝑈𝑐, are learnable parameters that the LSTM network optimizes 

during training. To obtain a compact representation of the gene expression data, we used the latent 

layer of an autoencoder as input to the LSTM model.  

https://sciwheel.com/work/citation?ids=8553877&pre=&suf=&sa=0
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GRU is another variant of the RNN models, designed to address some of the limitations of 

traditional RNNs, such as the vanishing gradient problem that can interfere with the learning 

process. Similar to LSTM, GRU is particularly effective in processing sequential data and 

capturing dependencies over long sequences. Each GRU block also contains a hidden state, but 

instead of having separate blocks and hidden states like LSTM, it uses an update gate (z) and a 

reset gate (r) to control the flow of information (276). These gates enable the GRU to selectively 

update and reset the hidden state, facilitating the retention of relevant information and reducing 

the number of parameters compared to LSTM. In GRUs the reset gate controls how much of the 

previous hidden state should be forgotten, allowing the network to decide what information to 

retain from the past. The update gate determines how much of the candidate's hidden state ℎ`𝑡 

should be blended with the previous hidden state ℎ𝑡−1 to generate the new hidden state ℎ𝑡. This 

gate mechanism enables the GRU to regulate the information flow effectively. The operations of 

a GRU block can be summarized as follows: 

Reset gate 𝑟𝑡: 

𝑟𝑡  =  𝜎(𝑊𝑟  ∗  ℎ𝑡−1  + 𝑈𝑟  ∗  𝑋𝑡  + 𝑏𝑟) 

Update gate 𝑧𝑡: 

𝑧𝑡  =  𝜎(𝑊𝑧  ∗  ℎ𝑡−1  + 𝑈𝑧  ∗  𝑋𝑡  +  𝑏𝑧) 

Candidate hidden state ℎ`𝑡: 

ℎ`𝑡  = tanh(𝑊ℎ  ∗  (𝑟𝑡  ∗  ℎ𝑡−1) +  𝑈ℎ  ∗  𝑋𝑡  + 𝑏ℎ) 

Hidden state ℎ𝑡: 

ℎ𝑡  =  (1 −  𝑧𝑡) ∗  ℎ𝑡−1  +  𝑧𝑡  ∗  ℎ`𝑡 

Here, 𝑋𝑡  represents the input at the current time step, ℎ𝑡−1 denotes the hidden state from the 

previous time step, and σ is the sigmoid activation function. The weights and biases, are 

https://sciwheel.com/work/citation?ids=8553877&pre=&suf=&sa=0
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represented by 𝑊𝑟 , 𝑊𝑧 , 𝑊ℎ, 𝑈𝑟 , 𝑈𝑧 , 𝑈ℎ, 𝑏𝑟 , 𝑏𝑧, and 𝑏ℎ are learnable parameters that the GRU 

network optimizes during training. GRU is computationally more efficient than LSTM due to its 

simplified architecture, making it particularly suitable for handling extensive datasets with limited 

computational resources or situations where training is scarce. 

The equations mentioned earlier can be used for both regression and classification tasks. In 

classification tasks, the model's output is then connected to a fully connected layer that handles the 

classification. Employing softmax activation in this layer allows the model to derive class 

probabilities. 

𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑜𝑢𝑡𝑝𝑢𝑡 =  𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑤 ∗  ℎ𝑡  + 𝑏) 

 

7.4.3 Data preprocessing 

To show Deep Lineage can handle different barcoding strategies, we applied it to data generated 

from two methods: Larry and CellTagging (81,259). Given the selection of a preprocessing method 

depends on the specific goal of the analysis, the performance of a supervised method can serve as 

a useful metric. Therefore, in each task (prediction of cell fate and gene expression), we compare 

the performance of different preprocessing steps before training the models and choose the one 

that leads to higher accuracy (lower reconstruction error for AE and lower loss for RNN) for that 

data. Our evaluation involves a multitude of combinations that incorporate different count 

normalization, log transformation, several scaling techniques, different numbers of highly variable 

genes, and different dimensionality reductions. For both reprogramming and hematopoiesis data, 

we realize that log transformation without count normalization achieves the highest accuracy and 

as expected using only raw counts or just scaling without log transformation results in poor 

performance which is consistent with the recently published benchmark paper (277) 

(Supplementary Figure 2, Supplementary Table 2). Following this, we select the highly variable 

genes and employ an autoencoder for dimensionality reduction (the architectures can be found in 

Supplementary Table 2).  

 

 

https://sciwheel.com/work/citation?ids=6111228,8126612&pre=&pre=&suf=&suf=&sa=0,0
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7.4.4 Modelling choices and training 

After completing the preprocessing step, the gene expression data is partitioned into three subsets: 

80% for training, 10% for validation, and 10% for testing. To optimize model performance, we 

conduct an extensive hyperparameter search using various model types (LSTM, GRU, 

bidirectional LSTM), model architecture (number of layers, nodes in each layer), and activation 

function (Tanh, ReLU, Leaky ReLU with alpha=0.3) (the detailed results are provided in 

Supplementary Table 2). Subsequently, we select specific sets of parameters that demonstrate 

superior accuracy for both the autoencoder reconstruction and the LSTMs during regression and 

classification tasks, tailored to each dataset. For the autoencoder, we employ the mean square error 

as the loss function, to ensure effective learning of the latent representation. After training the 

autoencoder, the resulting latent embedding is used to train the RNN models. In the regression 

task, where we aim to predict gene expression levels of cells across different developmental stages, 

we employ the mean square error as the loss function. For predicting early cell fate bias 

(classification task), we adopt the categorical cross-entropy loss function. Throughout the training 

process of both the autoencoder and the RNN models, we implement early stopping, which enables 

us to halt the training once the models demonstrate optimal performance on the validation set, 

preventing overfitting and supporting generalization to unseen data. In each iteration, we randomly 

select a training sample and update the network's weights using  SGD (Stochastic Gradient 

Descent) and Adam optimization algorithms with a default learning rate of 0.001. Also, RNN 

training can be slow due to the sequential nature of computations. To tackle this challenge, we use 

the CuDNN LSTM technique, which uses GPU-accelerated optimization to enhance the training 

efficiency of Long Short-Term Memory (LSTM) networks. By using the parallel processing 

capabilities and specialized algorithms offered by CuDNN LSTM, we achieve a significant 

acceleration in model training speed. In addressing instances of missing data within time series, a 

common approach involves the use of masking techniques. When a data point at a specific timestep 

is not available, the model skips that particular timestep and proceeds to the subsequent one. By 

using masking in both classification and regression tasks, we ensure that the time series model 

handles missing data consistently and effectively. Regarding the model selection, we observe 
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GRU, and LSTMs achieve high accuracies with LSTMs showing slightly superior performance 

(Supplementary Figure 2, Supplementary Tables 2 and 3). However, if computational resources 

are limited, we recommend using GRU over LSTMs, as GRU requires less computing power. 

7.4.5 Comparison with existing methods 

To establish a benchmark for evaluating the performance of Deep Lineage in early cell fate bias 

and predicting gene expression of cell progenies, for hematopoiesis data we selected existing 

relevant methods to compare to: Cospar (262), Super OT (263), WOT (264), and GAN-Based OT 

(265). We adopted the same task as Super OT (10), which involves evaluating the accuracy of fate 

prediction for day 2 cells in relation to their development into day 4 and 6 cell types. Specifically, 

using the clonal information from the dataset, we identify whether each day 2 cell is more likely 

to differentiate into a neutrophil or a monocyte, assigning this label accordingly For Cospar and 

WOT, we used the default parameters as reported in their documentation. For other methods where 

the code was not available, we attempted to reimplement the method. In cases where our 

reimplementation resulted in lower accuracy, we used the accuracy metrics reported in their 

respective studies to ensure a fair comparison of our model's performance with these established 

benchmarks. 

In the context of early cell fate bias in the reprogramming dataset, we conduct a comparative 

analysis between Deep Lineage and Cellrank (266). The Cellrank framework integrates similarity-

based trajectory inference with RNA velocity to uncover directed probabilistic state-change 

trajectories. When applying Cellrank to the reprogramming data, we followed the recommended 

preprocessing steps, including filtering genes based on a minimum expression threshold across ten 

cells and at least 20 counts in both spliced and unspliced layers. Following this, normalization by 

total counts per cell was performed, along with log transformation, while selecting the top 2,000 

highly variable genes. Subsequently, a PCA representation was computed using the top 30 

principal components (PCs) to construct a K-nearest neighbour (KNN) graph, with the parameter 

K set to 30. 

https://sciwheel.com/work/citation?ids=12541305&pre=&suf=&sa=0
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7.4.6 Simulating and Evaluating In Silico Perturbations 

Perturbation experiments in the Deep Lineage were conducted using both regression and 

classification models. In silico perturbations were introduced by modifying the scaled normalized 

expression levels of target genes. For gene knockdowns, expression was set to 0, while for 

overexpression, it was set to a value 5 times higher than the baseline expression level. These 

perturbations were applied at specific time points in the experimental timeline: Day 15 for the 

reprogramming dataset and Day 2 for the hematopoiesis dataset. Post-perturbation, we used the 

altered time series data as input for our regression models, which were then employed to predict 

the gene expression data for subsequent time points, specifically day 21 and day 28 for 

reprogramming and day 4 and day 5 for hematopoiesis. For consistency, the same neural network 

architecture as the baseline model (before perturbation) was used for each dataset. Following the 

generation of the perturbed time series data, we use the classifier that was used in our clonal fate 

bias experiments to classify and predict clone fates. The focus of these perturbations was on 

monocytes and neutrophils, driven by the availability of experimentally validated or correlated 

perturbation data for these cell types. The target genes for perturbation were selected based on the 

output of the SHAP method, which provided insights into gene importance within the model, 

guiding our selection process to focus on genes with a significant impact on the fate of monocytes 

and neutrophils. 

7.4.7 Hardware used 

Two computational setups are used for data processing, model training, and plotting. A distributed 

computing system was used extensively for data processing and model training. Nvidia A100 

(40GB) and Nvidia P100 (16GB) GPUs were used on this computing server. Intel Xeon E5-2680v4 

2.4 GHz (Broadwell) and AMD EPYC 7542 2.9 GHz CPUs were used for other tasks. The 

maximum memory used on these servers was 64GB. 
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7.4.8 Data availability 

The data used in this study are openly accessible and can be obtained from their respective public 

repositories. The hematopoiesis Weinreb et al. data is available for download from the Gene 

Expression Omnibus (GEO) database under accession number GSE140802. The reprogramming 

dataset can be accessed from the GEO database with accession number GSE99915. Additionally, 

a preprocessed version of the data can be obtained from: https://cospar.readthedocs.io/en/latest/. 

We used these two datasets because they are based on two distinct methodologies: Larry and 

CellTagging. These methods offer unique advantages over CRISPR-based barcoding techniques, 

such as the ability to link cell states across time rather than only at a single endpoint. They also 

eliminate the need for lineage tree inference to establish sister-cell relationships, exhibit very low 

single-cell barcode dropout rates, and do not require the delivery of multiple components (81). 

7.4.9 Code availability 

Code supporting this study is available on: https://github.com/physics2001/Deep_Lineage. We 

used Python 3.9.13, tensorflow-gpu 2.10.0, cudatoolkit 11.3.1, cudnn 8.4.1.50, matplotlib 3.5.1, 

numpy 1.22.4, scanpy 1.8.2, scikit-learn 1.1.1, seaborn 0.12.2, scipy 1.10.1, keras 2.10.0, cospar 

0.2.1, pip 22.1.2, pandas 1.4.3, conda 22.9.0. 
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Chapter 8 

Conclusions and future directions 

 

8.1 Summary of Contributions 

Robert McKee's assertion that "true character is shown through the choices we make under 

pressure" can be extended beyond human behavior to other organisms, including cells. This 

perspective is also true for the cellular decision-making processes observed in biological systems, 

particularly under different conditions and perturbations. I personally have a strong interest in 

understanding aging and the dual goals of extending both lifespan and healthspan. In Chapter 2, I 

explored two main strategies for combating aging: cellular reprogramming and enhancing cellular 

resilience. Investigating the decision-making mechanisms of cells can advance both approaches. 

In cellular reprogramming, we can identify key regulatory genes, similar to the Yamanaka factors, 

that can increase regenerative capacity. To enhance cellular resistance, we can discover gene 

programs that help cells counteract aging-related challenges such as inflammation, mitochondrial 

dysfunction, and stem cell exhaustion, ultimately contributing to both extended lifespan and 

improved healthspan. 

Single-cell technologies offer high-resolution data that enable us to investigate these 

biological processes with precision, and they also open the door to applying complex 

computational methods from fields like computer vision and natural language processing. Machine 

learning and deep learning, in particular, are essential tools for handling large-scale data and 

capturing nonlinear dynamics, which is critical since biological processes inherently exhibit 

nonlinearity. For example, gene regulatory networks often show nonlinear behavior where a small 

change in gene expression can lead to disproportionately large or cascading effects in downstream 

genes. This nonlinearity is crucial for processes such as bistable switches in cell fate decisions, 

where a cell might rapidly commit to one state or another, similar to how stem cells differentiate 

into specialized cells. Another example is the feedback loops found in signaling pathways like the 

MAPK cascade, where nonlinear interactions help amplify signals, allowing cells to respond 
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robustly to weak stimuli. These nonlinear processes enable biological systems to function, survive 

perturbations, and adapt to changing environments efficiently. 

In my thesis, I worked under several key assumptions that were integrated into the 

developed computational models.  A fundamental premise is that biological systems must make 

efficient decisions to survive and reproduce, which involves optimizing an energy function similar 

to the Hamiltonian concept in classical physics. This principle can be nicely exemplified in 

processes such as wound healing and tissue repair, where the body's decision to either regenerate 

(tissue without scarring) or repair (tissue with scar formation) is influenced by factors such as the 

severity of the injury and the availability of resources like oxygen, water, and inflammatory signals 

(278,279). The urgency of the situation also plays a critical role, dictating the type of response and 

the choice between fast and slow gene programs and pathways. Both repair and regeneration 

activate distinct and overlapping gene programs and pathways, which follow a hierarchical and 

modular organization. This process starts with the activation of a few key genes, which then trigger 

a coordinated cascade affecting other downstream genes. Interestingly, this hierarchical structure 

is not restricted to higher biological levels like genomics, proteomics, or metabolomics but also 

exists at the gene interaction level. The modular nature of these gene programs, where different 

modules work together to drive the response, facilitates interventions for us. Based on the timing, 

we can strategically choose where and what to target, and that will influence the effectiveness of 

the perturbation. This structure enables targeting at various scales to achieve specific outcomes, 

simplifying our ability to understand and manipulate the system. 

Building on the aforementioned assumptions, we developed multiple computational 

methods primarily based on representation learning to investigate cellular decision-making 

processes. In Chapter 3, we introduced Fatecode, a computational method that uses a 

classification-supervised autoencoder to learn cell type related latent representations. By 

incorporating an auxiliary task related to cell type classification, Fatecode aims to identify genes 

whose perturbation can alter cell type distributions, thereby increasing or decreasing specific cell 

populations. In Chapter 4, we introduced CLERA, a computational method that leverages prior 

knowledge of the system to refine the space of possible latent variables. By selecting 

https://sciwheel.com/work/citation?ids=3945538,5958501&pre=&pre=&suf=&suf=&sa=0,0&dbf=0&dbf=0
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representations that adhere to specific dynamic forms, CLERA minimizes total loss and reveals 

meaningful relationships between latent variables, which enables accurate cell type classification. 

This approach improves the interpretability of the results and facilitates the discovery of models 

for biological systems. Using PPR, CLERA successfully identifies active gene programs and 

central genes in various points of biological processes, which are consistent with previous studies. 

In Chapter 5, we proposed FateNet, which demonstrates the power of mechanistic models with 

different dynamics in training neural networks. FateNet accurately identifies the timing of cellular 

decision-making, the type of bifurcation, and identifies genes crucial in this process, which differ 

from those that are differentially expressed. Chapter 6 introduced the first latent diffusion model 

in the field of scRNA seq, capable of generating new cells similar to real ones for different cell 

types. This model predicts the effects of various perturbations, including disease and drug 

interventions, and leverages the hierarchical structure of latent diffusion models to illustrate how 

genes and pathways are activated as we interpolate between states. In Chapter 6, we presented 

Deep Lineage, which showed the potential of time series models and representation learning for 

modeling gene expression changes and early cell fate prediction using scRNA-seq and lineage 

tracing data. This approach highlights the power of computational systems with memory features 

for modeling clonal dynamics, particularly in early cell fate prediction. We applied these methods 

to a variety of datasets, including pancreas development, neurogenesis, hematopoiesis, induced 

endoderm progenitors reprogramming, and multiple perturbation data such as intestinal epithelial 

cells after Salmonella or H. poly infections, as well as simulated data with known gene regulatory 

networks and master regulators. 

 

8.2 Future direction 

From a technological perspective, several key directions could enhance our understanding of 

cellular dynamics. In recent years, single-cell genomics has emerged as a powerful tool for 

studying dynamic biological processes. However, its major limitation lies in the need to destroy 

cells when measuring gene expression levels, which obstructs our ability to track cellular decision-

making over time. Moreover, while transcriptomics provides valuable insights, it alone may not 
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address some of our fundamental questions. A more robust, high-throughput single-cell proteomics 

method is necessary, particularly since mapping transcriptomic data to proteomic outcomes is not 

straightforward(280). This challenge can be partially addressed using ADT (Antibody-Derived 

Tags) methods, which enable simultaneous measurement of proteins and RNA at single-cell 

resolution, providing a more complete picture of cellular states(281). 

Hopefully, improvements in lineage tracing methods could allow us to follow cells over 

time with greater resolution. Dynamic genetic barcoding techniques have shown significant 

promise in this area. Moreover, perturb-seq data should evolve to provide outputs that extend 

beyond gene expression, capturing details about cell fate and state changes. Large-scale perturb-

seq experiments, applied across diverse cell types, could further illuminate cellular regulatory 

networks. 

Incorporating multi-modal data, alongside perturb-seq or lineage tracing data, will deepen 

our understanding of causal gene interactions and offer a more holistic view of cellular 

development by integrating various molecular layers. A promising future direction would be 

adapting current predictive models to forecast perturbation responses at multiple molecular levels, 

which would require representation learning across all relevant modalities, 

From a computational modeling perspective, future advancements will require developing 

more accurate computational methods that incorporate our prior knowledge. Recent attempts to 

apply large language models (LLMs) in biology, which aim to build one model for different tasks 

using millions of cell data, are unlikely to succeed with the current format. This is due to 

fundamental differences between biological systems and natural language. First, the volume of 

biological data is far smaller than what’s available in NLP (scale), and biological systems are 

governed by physical and biochemical principles that must be incorporated into the models. Unlike 

language, where relationships between words can be loosely modeled based on patterns in data, 

biological systems are constrained by more rigid, complex, and hierarchical rules that govern 

molecular interactions, signaling pathways, and cellular behavior. Moreover, biological rules are 

harder to infer because they are intertwined with stochasticity and context dependence. Cells do 

not just follow predetermined scripts they adapt to environmental cues, and these responses often 

https://sciwheel.com/work/citation?ids=1406433&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=4006944&pre=&suf=&sa=0&dbf=0
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follow non-linear dynamics that require more specialized models. As such, models designed for 

one biological task often can't be easily generalized to others without losing accuracy or 

interpretability. 

What is needed are methods that can integrate prior knowledge of the system, grounded in 

physical laws and our biological knowledge. These methods must also understand planning and 

hierarchy. They should be able to answer questions such as: "If we want a specific phenotype, 

what are the ways to achieve it?" The models should propose multiple plans, determining when 

and what to perturb based on the current and the desired states, while incorporating uncertainty 

into each proposed plan (Bayesian probabilistic approaches being one potential solution but not 

the only one). Also, these models need to be robust and secure, especially given the sensitive nature 

of scRNA-seq data and its increasing relevance in health and medicine. In my PhD, I contributed 

to this by developing a robust cell-type classifier that withstands adversarial attacks, improving 

both robustness and interpretability. This work, titled Adversarial training improves model 

interpretability in single-cell RNA-seq analysis, was a collaboration with Prof. Anita Layton and 

Gary Bader and was published in Bioinformatics Advances(24). I chose not to include this project 

in my thesis since it focuses more on robustness and interpretability rather than cellular 

reprogramming. 

Beyond these scientific advancements, it is important to reflect on the societal impacts of 

breakthroughs in the fields of biology and longevity, particularly given our success in extending 

the lifespan of various model organisms and reprogramming mature cells. If we achieve significant 

life extension, how will this affect the environment, politics, the economy, and scientific progress? 

For instance, if we can restore organ function and improve health, will people still prioritize 

healthy living? Politically, what if dictators live several decades longer? As Max Planck famously 

said, “A new scientific truth does not triumph by convincing its opponents, but rather because its 

opponents eventually die.” If we live much longer, how will this impact creativity and the 

generation of new ideas in scientific communities? These are complex and essential questions that 

need further thought and exploration as we move toward a future shaped by biological 

reprogramming and life extension. 

https://sciwheel.com/work/citation?ids=16866593&pre=&suf=&sa=0&dbf=0
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In conclusion, my PhD thesis outlines several computational methods we developed specifically 

for scRNA-seq data to improve our understanding of cellular decision-making across various 

biological processes. These methods primarily focus on the prediction and analysis of latent 

representation rather than the observational layer. Also, we created models that integrate 

mechanistic modeling with deep learning to improve predictive accuracy and interpretability. We 

hope that these methods will significantly contribute to the analysis of single-cell data, providing 

valuable insights into cell reprogramming and fate decision-making. 
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APPENDICES 

 

A. Appendix to chapter 3 

 

Figure 9-1 Supplementary Fig. 1: Gene expression perturbations to change the cell-type distribution. 
This figure demonstrates the transition of an initial cell type distribution to a desired target distribution 
through gene-level adjustments. The circles represent the system's state, with the frequencies of cell types 
indicated below. 
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Figure 9-2 Supplementary Fig. 2: Comparison of autoencoder architectures for analyzing data for 

endocrine development in the mouse pancreas. a, comparison of the input-output correlation for the AE, 

the variational autoencoder (VAE), and the conditional variational autoencoder (CVAE). b, the mean square 

error of the three autoencoder architectures' input and output. VAE performs better than other architectures 

for this data. 
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Figure 9-3 Supplementary Fig. 3: Gene prioritization score for the mouse hematopoiesis data. a, b, c, 

Fatecode accurately determines gene prioritization scores for various genes, including Klf1, Runx1, and 

Fli1, across different cell types. 
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Figure 9-4 Supplementary Fig. 4: Fatecode analysis of hematopoiesis data identifies master 

regulators governing cell switching dynamics. a, visualization of the hematopoiesis dataset from Weinreb 

et al. hematopoietic progenitors differentiate into different cell types such as mast cell (Ma), basophil (Ba), 

eosinophil (Eos), megakaryocyte (Mk), lymphoid precursor (Ly), migratory dendritic cell (mDC) and 

plasmacytoid dendritic cell (pDC), erythrocyte (Er), neutrophil (Neu), monocyte (Mo). b, The effect of 

different perturbation sizes of a node in the latent layer on the cell distribution. c, gene set enrichment 

analysis results. Gene ontology (GO) biological processes enrichment analysis shows significant process 

terms related to mouse hematopoiesis, stem cell development, and mesenchymal cell differentiation. 
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Figure 9-5 Supplementary Fig. 5:  Gene Regulatory Network of Ybx1 and its downstream target 

genes along with gene prioritization scores. The GRN was constructed using SCENIC, by filtering the 

top 2000 interactions with the highest SCENIC Importance Measure (IM) scores. Additionally, the top 400 

predicted master regulators from Fatecode were mapped onto the GRN, and the resulting network is 

presented here using a network bar chart in which each value of a bar plot shows the Fatecode gene 

prioritization score of the gene for that cell type. 
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Supplementary Note 1- Hyperparameter search  

Hyperparameter tuning was conducted using a grid search approach. We explored various 

combinations of hyperparameters, including learning rate, batch size, number of layers, number of 

neurons per layer, and activation functions. The hyperparameter space for each parameter was 

defined as follows: 

• Autoencoder type: [AE, VAE, CVAE] 

• Activation function: [LeakyReLU, Relu, linear] 

• Learning rate: [0.001, 0.01, 0.1] 

• Batch size: [400, 500, 600] 

• Number of hidden layers(encoder): [1, 2] 

• Number of neurons in latent_layer: [input_size/40, input_size/60, input_size/80, 

input_size/ 100, input_size/125, input_size/150] 
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B. Appendix to chapter 4 

Supplementary Figures 

 

Figure 9-6 Supplementary Figure 1: Training and validation loss curves for training CLERA on the data 

generated using SERGIO. The low losses in (a)-(e) indicate a high accuracy and strong generalization. 

Refer to the Methods section for the description of each loss term. 
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Figure 9-7 Supplementary Figure 2: Training and validation loss curves for training CLERA on the 

pancreas data. The low losses in (a)-(e) indicate that CLERA successfully builds the latent layer with the 

desired characteristics. Refer to the Methods section for the description of each loss term. 
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Figure 9-8 Supplementary Figure 3: Training and validation loss curves for the bone marrow data in the 

transfer learning setting. Due to transfer learning, the model converges in fewer epochs as compared to the 

training of the Pancreas data.  
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Figure 9-9 Supplementary Figure 4: Training comparison on the bone marrow dataset using transfer 

learning (SINDy threshold frequency- 500) and vanilla training with two different thresholds (SINDy 

threshold frequency- 150 and 500). (a) shows the combined loss plotted against the number of epochs, 

illustrating the slower convergence and signs of overfitting in the vanilla models, particularly with the lower 

threshold (red). (b) presents the data with normalized epochs, highlighting the efficiency of transfer 

learning, which reaches stability in a fraction of the time compared to vanilla training. While the vanilla 

models require most of the training period to converge (especially with a lower threshold), the transfer 

learning model generalizes well much earlier in the training process, as shown by the stabilized validation 

loss. 
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Figure 9-10 Supplementary Figure 5: Classification results of (a) SERGIO generated data (b) 

Pancreas data and (c) Bone marrows data. After training CLERA on different datasets. the prediction of 

the cell type for all the preprocessed input (validation and training) by the classification network is shown, 

The classifier achieves high accuracy with very few misclassifications. Even for cell types with fewer 

instances, the model can accurately predict the cell type from the latent space. This strong classification 

performance suggests that the latent space captures cell-type-specific features. Accurate classification 

ensures that the predicted ODEs reliably infer relationships and can predict cellular behavior across 

different conditions.  
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Figure 9-11 Supplementary Figure 6: Mean intersection percentage between top-k genes of different 

latent variables present at various time distances for (a) SERGIO generated dataset (b) Pancreas 

dataset (c) Bone marrows dataset. The mean intersection percentage between the top-k genes for various 

time distances in the SERGIO-generated dataset with k=30 (left), the Pancreas dataset with k=300 (middle), 

and Bone marrow data with k=300 (right) datasets. The intersection percentage, plotted for each latent 

variable, is higher for closer time steps and gradually decreases as the time distance grows. This shows the 

model's ability to capture temporal coherence in gene expression patterns, where similar gene sets are 

shared between adjacent time points, reflecting the gradual changes in biological processes. The consistency 

decreases with larger time distances, indicating the differences in active gene programs. 
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Figure 9-12 Supplementary Figure 7: The mean and standard deviation of SHAP values between 

each cell type and latent variable for the pancreas data.  The SHAP values calculated using the classifier 

network are plotted which show that each cell type is primarily driven by one or more latent variables for 

classification. This demonstrates that certain latent variables are key drivers in predicting particular cell 

types, suggesting a cell type-level abstraction within the latent space. 
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Figure 9-13 Supplementary Figure 8: SHAP Value Analysis of Latent Variables in hematopoietic 

differentiation. This figure illustrates the mean and standard deviation of SHAP values for each cell type 

and latent variable. The values, derived from the classifier network, demonstrate that specific latent 

variables significantly influence cell type classification, indicating a cell type abstraction in the latent space. 
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Figure 9-14 Supplementary Figure 9: Latent Variable Time Series discovered using CLERA for (a) 

pancreas dataset and (b) Bone marrows dataset. Colors have been assigned as the cell type labels.  The 

latent space demonstrates clear cell type differentiation, with distinct cell types following unique trends and 

values over time. This pattern indicates that the learned latent space successfully captures cell type-specific 

dynamics, ensuring that the model reflects latent qualities at a cell type level granularity. 
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Figure 9-15 Supplementary Figure 10: Results of centrality measures on (a) Pancreas dataset and (b) 

Bone marrows dataset. The figure shows the distribution of three centrality measures—Closeness, 

Eigenvector, and PageRank—for the most central genes across different cell types in (a) the pancreas 

dataset and (b) the bone marrow dataset. In both datasets, some genes exhibit consistently high centrality 

values across multiple cell types, indicating their importance in the gene regulatory networks. 
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Supplementary Notes 

Supplementary Note 1: Training Hyperparameters 

Hyperparameter tuning is conducted to train different datasets. We explore various combinations 

of hyperparameters, including learning rate, batch size, number of layers, number of neurons per 

layer, and activation functions. Here is a list of different training hyperparameters that we try: 

• Sliding Window Length- 2, 4, 7, 10 

• Sliding Window Stride- 2,3,4 

• Number of Autoencoder hidden layers (the encoder part)- 2, 3, 4, 5 

• Size of latent dimensions- 4, 5, 6, 7, 10, 15, 20 

• Learning Rate-1e-3, 1e-4, 1e-5 

• Activation Function- ELU, sigmoid, ReLu 

• SINDy Coefficient Initialisation- Xavier Initialisation, Normal Initialisation, Uniform 

Initialisation of 1, Random Sampling from {-1,1}, Random Sampling from {-5,5} 

• SINDy Threshold Interval- 150, 500 

• Classifier width- 7, 8, 12 

• SINDy Threshold Coefficient- 1e-3, 1e-2, 1e-1 

• Number of refinement epochs- 0, 150, 500, 1000 

Along with these, we also experiment with various CLERA’s loss weights 

• Reconstruction Loss Weight- 1e-2, 1e-3, 1e-4 

• SINDy_z Weight-  1e-2, 1e-3, 1e-4 

• SINDy_x Weight- 1e-1, 1e-2, 1e-3 

• SINDy regularization Weight- 1e-4, 5e-3, 8e-3, 1e-2, 

• Classifier Weight- 5e-1, 1 

• Autoencoder regularization- 1e-6, 1e-5, 5e-5 
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Supplementary Note 2: Inference Hyperparameters 

CLERA generates SHAP values between genes and latent variables across all time steps. To build 

an interaction graph at the cell-type level, we heuristically average the SHAP values across time 

steps for each cell type, to enable analysis at a broader cell-type granularity. For a more granular 

analysis, using SHAP values from individual time steps can provide more precise insights. 

Notably, it is observed that taking the absolute SHAP values instead of signed SHAP yields better 

results.  

We formulate the interaction between genes and the latent space as a bipartite graph by 

selecting the top K genes per latent variable based on their SHAP values. For the bone marrow 

and pancreas development data, we set K=300, while for the SERGIO-generated dataset, we use 

K=30. A smaller K might overlook important genes, while a larger K can introduce computational 

inefficiencies and also capture less relevant genes. We experiment with various values of K, such 

as 100, 200, and 300 for both datasets, and 20, 30, and 60 for the SERGIO-generated data, to 

determine the optimal balance. 

Singular analysis of the top K genes captures gene-latent space interactions but neglects 

direct relationships between latent variables. To enhance inference, we introduce latent variable 

interdependencies identified by the predicted ordinary differential equations. For each latent 

variable, its corresponding right-hand side in the ODE defines its direct dependencies on other 

latent variables. These dependencies are incorporated as edges in the graph, to represent both gene-

latent space interactions and latent variable relationships. We apply Louvain clustering to the 

resulting graph to identify potentially co-regulated genes. This enables the discovery of active gene 

programs.  

Selecting the top E edges during graph rewiring is essential for identifying central genes 

and key interactions. We experiment with different E values: 500, 600, and 700 for the pancreas 

development and bone marrow datasets, and 50, 60, and 70 for the SERGIO-generated dataset to 

explore the trade-off between network sparsity and capturing meaningful indirect relationships. 
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This allows us to fine-tune the balance between retaining crucial regulatory interactions and 

minimizing unnecessary complexity in the network. 

 

Supplementary Tables 

Hyperparameters Value 

Sliding Window 

Length 

4 

Number of 

Autoencoder 

hidden layers 

(encoder part) 

2 

Size of latent layer 6 

Autoencoder 

Network Shape 

[2000, 512, 64, 6, 64, 512, 2000] * 

Activation  ReLU 

Learning Rate 1e-3 

Classifier Width  8 with architecture as [6, 8, num_cell_types]* 

SINDy Coefficient 

Initialisation 

Random Sampling from {-1,1} 
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SINDy Threshold 

Interval 

150 

SINDy threshold 

Coefficient 

0.1  

SINDy library 

terms 

Constant, Polynomial (upto 3rd order), sin(z), 𝑒𝑧, 
1

1+𝑧2 

Maximum Active 

terms 

37 

Loss Weights  Loss Type Pancreas Bone Marrows 

Reconstruction 1 10 

SINDy_z 1e-2 1e-2 

SINDy_x 1e-1 1e-1 

SINDy regularization 8e-3 1e-2 

Classifier 5e-2 1e-5 

 Autoencoder regularization 1e-5 1e-6 

Table 9-1 Supplementary Table 1: The hyperparameters used to train CLERA on bone marrow and 

pancreas development data. Several hyperparameters are tested for training the models. To evaluate the 

performance of these choices, we used metrics such as the training and validation curves, the number of 

active terms in the discovered ODE, the structure of the identified ODE, and the Gene Set Enrichment 

Analysis (GSEA). *Each consecutive pair in this list corresponds to a linear layer followed by an activation 

function. Activation is not applied after the last layer. 
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C. Appendix to chapter 5 

 

Figure 9-16 Supplementary Figure 1: Simulations and predictions in the simple gene regulatory 

network model using a smaller noise amplitude of 0.01. Refer to the caption of Figure 1 for further 

details. 
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Figure 9-17 Supplementary Figure 2: Simulations and predictions in the simple gene regulatory 

network model using a larger noise amplitude of 0.1. Refer to the caption of Figure 1 for further details 
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Figure 9-18 Supplementary Figure 3: Gene Ontology (GO) term and Reactome pathway enrichment 

analysis for the top 250 significant genes. a) GO: Biological Process (BP) showing the enriched biological 

processes such as different metabolic processes, cellular response to different stimulus, and cell apoptosis 

indicating relevant biological activities associated with these genes. b) GO: Molecular Function (MF) 

highlights the enriched molecular functions including protein binding and enzyme binding. c) GO: Cellular 

Component (CC) displays the enriched cellular components such as cytoplasm and intracellular organelles, 

suggesting the subcellular localizations where these genes are active. d) The REAC panel represents the 

enriched pathways from the Reactome database, including immune system processes and cellular responses 

to stress, which are related to the process of neutrophil development.  
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Figure 9-19 Supplementary Figure 4: Enrichment map analysis of biological pathways. The figure 

shows the complex connections and interactions between different active biological processes. Blue edges 

of varying thickness connect the nodes, indicating the strength of the connection between pathways by the 

number of mutual genes. To simplify the network, only edges and nodes meeting the cutoff (Node Cutoff 

P-value > 0.01, Edge Cutoff > 0.35) are shown. 
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Figure 9-20 Supplementary Figure 5: Architecture for the neural networks in FateNet. Each network 

consists of 2 convolutional and 2 long-short-term memory (LSTM) layers. Hyperparameters are shown for 

Network 1. The input to the network is a time series of length 500. This is passed through a 1D convolution, 

with a kernel size of 12, 50 filters, and the ReLU activation function. Padding is applied to the ends of the 

time series to maintain the input dimension. This is then passed through a max pooling operation with pool 

size 2, reducing the dimension by a factor of 2. This process repeats through another convolution and max 

pooling layer. This is then passed to the first LSTM layer with 100 memory cells. For this layer, the cells 

return the entire sequence. This then enters the second LSTM layer with 20 memory cells, which returns 

only the end value of the sequence. Each memory cell is then connected with the 4 output nodes via a dense 

layer. The output is passed through a softmax filter to obtain a probability distribution over the 4 possible 

outcomes. 
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Figure 9-21 Supplementary Figure 6: training and validation accuracy vs. epoch for Network 1 and 

Network 2 during the training phase. The accuracy on the validation set peaks at epoch 71 and 154, 

respectively, at which point the models are selected. 
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Figure 9-22 Supplementary Figure 7: Confusion matrices for Network 1 and Network 2 when 

evaluated on their test sets from the library of generated dynamical systems. We show performance 

on the multi-class classification problem, where the model must predict the specific event, and the binary 

classification problem, where the model only needs to predict whether or not a bifurcation is approaching. 

Cell values show (row-)normalized classification rates for each class. (A) Network 1 on the multi-class 

classification problem obtains an F1 score of 0.64. (B) Network 2 on the multi-class classification problem 

obtains an F1 score of 0.95. (C) Network 1 on the binary classification problem obtains an F1 score of 0.80. 

(D) Network 2 on the binary classification problem obtains an F1 score of 0.98. TC: transcritical. PF: 

pitchfork. 



 

 218 

Gene 

name 

Reference Role 

Ybx1  PMID: 

21369783 

Ybx1 is a transcription factor that plays a key role in directing 

the commitment and differentiation of hematopoietic stem cells 

Tmsb4x  PMID: 

33310787 

Tmsb4x depletion hinders cell migration and differentiation and 

interferes with coronary vessel development 

Set PMID: 

33296674 

Embryonic Stem Cell Differentiation is Regulated by SET 

through Interactions with p53 and β-Catenin 

Myc PMID: 

31951039 

Myc is a family of regulator genes that code for Tfs. They are 

indispensable in the generation of granulocyte/monocyte 

progenitors (GMPs) from HPSCs 

H2afy PMID:21969577 

PMID: 

16428466 

It is involved in chromatin remodelling and gene expression 

regulation. Also, modulate transcription factor binding, X-

chromosome inactivation, and transcription repression. 

S100a9 PMID: 

28137827  

Encodes a calcium-binding protein, important in immune 

responses, particularly in myeloid cells. S100A8/A9 induces 

neutrophil activation, including adhesion, CD11b upregulation, 

and shedding of CD62L. 

Prdx5 PMID: 

29497036 

Prx5 transcript is highly expressed early along the transition of 

hematopoietic stem cells to mature neutrophils 
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S100a8 PMID: 

28137827 

Works alongside S100a9, involved in inflammatory responses 

in myeloid cells. S100A8/A9 induces neutrophil activation, 

including adhesion, CD11b upregulation, and shedding of 

CD62L. 

C1qbp PMID: 

34860557 

Associated with pre-mRNA splicing factor and can promote 

differentiation of immune cells via metabolic-epigenetic 

reprogramming 

Cxcr4 PMID: 

29734477 

PMID: 

29466759 

 

Cxcr4 is a master regulator of neutrophil development, 

proliferation and retention. 

Table 9-2 Supplementary Table 1. Significant genes identified during the critical period of cell 

decision-making (highlighted in the yellow box in Figure 3). The table includes columns for gene names, 

corresponding references to previous studies, and a description of their roles. 
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D. Appendix to chapter 6 

 

Figure 9-23 Supplementary Figure 1: Gene expression changes as a result of interpolation. 

The expression of selected maker genes is upregulated or downregulated as we interpolate between 

monocytes to HSPCs with 2000 equidistant steps. 
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Figure 9-24 Supplementary Figure 2: The number of diffusion steps changes the level of detail in 

generated data Samples with different levels of granularity are generated by adjusting the number of 

diffusion steps before interpolation. If a large number of diffusion steps are used, more structure in the 

initial data will be destroyed, causing a gradual loss of information, resulting in coarser interpolations, and 

potentially causing abrupt changes in the correlation values between successive steps. 
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Figure 9-25 Supplementary Figure 3: scVAEDer can correctly predict the distribution of genes in the 

stimulated condition. a, Violin plots showing the distribution of specific key response genes across control, 

real stimulated condition, and prediction of stimulation using scVAEDer and scGen in Dendritic cells (DC). 

scVAEDer more accurately predicts the effect of the perturbation on genes. b, Comparison of the correlation 
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values of various cell types obtained using scGen, scPreGAN and scVAEDer for intestinal epithelial cells 

after Salmonella infections data. 

 

 

 

 

 

 

Figure 9-26 Supplementary Figure 4: DDM training and variance scheduling. A comparison between 

the effect of different variance scheduling methods on and values. The user can choose between one of 

these 3 methods prior to training the model. 
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Rank Gene 

candidate 

Gene Function References 

1 Ptma Ptma is involved in regulating the exit from pluripotency 

and its repression resulted in the strongest deviation from 

pluripotency. 

(282)  

2 Wnt4 Loss of Wnt4 induces the activation of stem cells and 

accelerates muscle regeneration. 

(283)  

3 Kng1 Reprogrammed iEP marker gene. (284)  

4 Igf2 Igf2 deficiency increases HSC self-renewal and 

differentiation. 

(285)  

5 Ctgf Ctgf is a reliable factor to differentiate iPSCs efficiently. (286)  

6 H2afx H2afx is capable of controlling human stem cell self-

renewal and lineage-specific differentiation. 

(287)  

7 FoxA1 It is known as the master regulator of the epigenome and 

fate. 

(288)  

8 Apoa1 Reprogramming initiation markers. (284)  

9 Timp3 In vivo analysis underpins its role as a master regulator of 

ectodomain shedding. 

(289)  

10 Mt1 and 2 Zinc maintains embryonic stem cell pluripotency (290)  

https://sciwheel.com/work/citation?ids=807339&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=11167422&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14141248&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14631812&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=3586261&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=10928586&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=12637044&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14141248&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14631838&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=8144202&pre=&suf=&sa=0
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11 H19 Downregulation of H19 improves the differentiation 

potential of mouse embryonic stem cells. 

(291)  

12 Top2a It is uniquely expressed in HSPCs and is important in the 

survival of human pluripotent stem cells. 

(292)  

13 Igfbp The Igfbp family is crucial for fibroblasts to progenitor 

cell dedifferentiation. 

(293)  

14 Malat1 Regulates myogenic differentiation and muscle 

regeneration. 

(294)  

15 Lgals1 Lgals1 is a transcriptional target of STAT3 and promotes 

mesenchymal glioblastoma. 

(295)  

Table 9-3 Supplementary Table 1: Top 15 genes ranked based on their velocity values, along with 

references that demonstrate their association with stem cell function and cellular reprogramming. 

 

 

 

 

 

 

 

 

 

 

https://sciwheel.com/work/citation?ids=14631816&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=11423228&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=11839691&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14631823&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=11845240&pre=&suf=&sa=0
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Name  Type Size_zebrafish Activation_ 

zebrafish 

Size_ 

reprogramming  

& 

 IFN-β 

Activation_ 

reprogramming  

& 

 IFN-β 

Input … Number of highly 

variable genes 

… Number of highly 

variable genes 

… 

Layer 2 Fully 

connected 

150 ReLU 250 ReLU and 

Dropout=0.15 

Mean Fully 

connected 

30 Linear 45 Linear 

Variance Fully 

connected 

30 Linear 45 Linear 

Sampling Fully 

connected 

30 Linear 45 Linear 

Layer 4 Fully 

connected 

150 ReLU and 

Dropout=0.2 

250 ReLU  

Output Fully 

connected 

Number of highly 

variable genes 

ReLU  Number of highly 

variable genes 

ReLU  

•Optimization: Optimizer: Adam, Learning rate: 0.001, batch_size: 400, epochs: 250 

•Number of highly variable genes: 2000 for all datasets (except for zebrafish hematopoiesis, 

for which 1845 genes are selected) 

Hyperparameter search:  
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Layer size: for Zebrafish [200, 150, 100], for other datasets [300, 250, 200] /  

Latent_layer: [15, 30, 45, 60] / Dropout: [0.15, 0.4] 

Table 9-4 Supplementary Table 2: Detailed architecture of VAE part of scVAEDer.  

 

 

Name  Type Size_ 

zebrafish 

Activation_ 

zebrafish 

Size_ 

reprogramming  

& 

 IFN-β 

Activation_ 

reprogramming  

& 

 IFN-β 

Input … Size of 

latent layer 

… Size of latent layer … 

Layer1 Fully 

connected 

512 ReLU 1200 ReLU 

Layer 2 Fully 

connected 

512 ReLU 1200 ReLU 

Layer 3 Fully 

connected 

512 ReLU 1200 ReLU 

Output Fully 

connected 

Size of 

latent layer 

… Size of latent layer … 

•Optimization_Zebrafish: Optimizer: Adam, Learning rate: 0.001, batch_size: 1500, 

epochs: 4000 
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•Optimization_Reprogramming: Optimizer: Adam, Learning rate: 0.001, batch_size: 

1500, epochs: 4000 

•Optimization_IFN-β: Optimizer: Adam, Learning rate: 0.001, batch_size: 10000, 

epochs: 4000 

Hyperparameter search:  

Layer size: for Zebrafish [512, 256, 128, 64], for other datasets [1200,1000,800,600,400,100] / 

Number of steps: [500, 750, 1000, 1250, 1500, 2000] / Noise schedule functions: [Linear, 

Quadratic, Sigmoid] / beta_start: [1e-5, 1e-4], beta_end: [1e-2, 5e-2]  

Table 9-5 Supplementary Table 3: Detailed architecture of DDM part of scVAEDer. 
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E. Appendix to chapter 7 

 

Figure 9-27 Supplementary Figure 1: Deep Lineage is compatible with both single and cumulative 

barcoding data. (a) Illustrates single barcoding, while (b) presents a cumulative barcoding strategy. 
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Figure 9-28 Supplementary Figure 2: The impact of different preprocessing steps and model types 

on the performance of Deep Lineage for hematopoiesis data. a, The effect of different preprocessing on 

the performance of LSTM and GRU models.  b, The effect of preprocessing steps and model architecture 

on the LSTM performance. The first architecture includes: AE_first_hidden_layer:500, AE_second 

hidden_layer:100, AE_latent:75, Alpha:0.3, Num_Layers_BRNN:4, Reg_Dropout:0.3. The second 

architecture includes: AE_first_hidden_layer:500, AE_second_hidden_layer:200, AE_latent:50, 

Alpha:0.1, Num_Layers_BRNN: 2, Reg_Dropout: 0.3. As expected, using only raw counts or just scaling 

without log transformation results in poor performance. 
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Figure 9-29 Supplementary Figure 3: Correlation values show the predictive power of Deep Lineage 

in estimating gene expression profiles of unseen cells. a, The distribution of correlation values for 

monocytes, neutrophils, and combination of cells on day 6 in hematopoiesis. b, The distribution of 

correlation values for failed, successfully reprogrammed cells, and the combination of cells on day 28 of 

the reprogramming process.  
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Figure 9-30 Supplementary Figure 4: Expression Prediction Accuracy in fibroblast reprogramming. 

The dot plot illustrates the average expression of various genes between real cells and Deep Lineage 

predictions, for successful and failed reprogrammed cells. 
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Figure 9-31 Supplementary Figure 5: Ablation studies were performed on the hematopoiesis and 

reprogramming data. Heatmaps display the accuracy of Deep Lineage in predicting early cell fate in 

control and ablation conditions for both hematopoiesis (a) and reprogramming (b). The bar plot compares 

these conditions using accuracy, precision, recall, and F1 score, emphasizing the impact of clonal structure 

ablation on model prediction. 
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Supplementary Tables 

Gene  Roles References 

Cryab Promotes osteogenic differentiation of human bone marrow stem cells 

via stabilizing β‐catenin and promoting the Wnt signalling. 

(296)  

Gpx3 Involved in Regulating the Differentiation Fate of Cardiac Fibroblasts. (297)  

Col12a1 Mediates cellular and extracellular mechanisms in development, 

regeneration, and disease. 

(298)  

Il6st Plays a key role in cellular reprogramming, particularly in the 

generation of induced pluripotent stem cells. 

(299)  

Gas1 Modulates critical signaling pathways (Notch, SHH, Myc) making it a 

key player in cellular reprogramming and differentiation. 

(300,301)  

Dlk1 It regulates stem cell pools and tissue differentiation by playing a 

pivotal role in controlling stem cell fate decisions and maintaining 

tissue homeostasis. 

(302)  

Gata2 GATA2 is crucial for maintaining (HSCs) and guiding their 

differentiation into various blood lineages. Mutations in GATA2 can 

result in cytopenias, bone marrow failure, and an increased risk of 

myeloid malignancies, known as GATA2 deficiency syndrome. 

(303)  

https://sciwheel.com/work/citation?ids=16775087&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16775088&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=14590254&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=3745100&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=11955748,64979&pre=&pre=&suf=&suf=&sa=0,0
https://sciwheel.com/work/citation?ids=16524467&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=16990304&pre=&suf=&sa=0
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Prtn3  Prtn3 regulates myeloid differentiation by downregulating STAT3 

expression, indicating a promising new therapeutic target for the 

treatment of acute myeloid leukemia. 

(304)  

Mmp8  MMP8 plays a crucial role in fate and function in the hematopoietic 

niche. It facilitates HSC mobilization through the cleavage of 

extracellular matrix components and cell adhesion molecules in the 

bone marrow niche. 

(272)  

Lpl Lpl regulates hematopoietic stem progenitor cell maintenance through 

DHA supply. 

(273)  

Table 9-6 Supplementary Table 1: Key genes identified in reprogramming and hematopoiesis with 

their associated functions. This table presents a curated list of top genes identified by Deep Lineage as 

significant in both cellular reprogramming and hematopoiesis. Each row includes the gene symbol and a 

brief description of its known function or role, supported by relevant literature. The genes listed play diverse 

roles in stem cell maintenance, differentiation, signaling pathways, and tissue homeostasis. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://sciwheel.com/work/citation?ids=16990303&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=7731627&pre=&suf=&sa=0
https://sciwheel.com/work/citation?ids=5181251&pre=&suf=&sa=0
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Table 9-7 Supplementary table 2: Preprocessing Steps. This table shows the different 

preprocessing steps and hyperparameters applied to both datasets used in the study. 

 

 

 

 

 

 

 

 

Num_genes Logged Scaled AE_dim1 AE_dim2 AE_latent Alpha Reg_Model_Type Num_Layers_BRNNReg_Dropout Reg_P_Corr Reg_Sp_Corr
1000 TRUE FALSE 500 100 75 0.3 biLSTM 4 0.3 0.944548853 0.942229164
1000 TRUE FALSE 500 100 75 0.3 LSTM 4 0.3 0.942448853 0.941129164
1000 TRUE FALSE 500 100 75 0.3 GRU 4 0.3 0.941784166 0.940391497
1000 TRUE FALSE 500 100 75 0.3 biLSTM 2 0.3 0.941266451 0.93999151
1000 TRUE FALSE 500 100 75 0.3 GRU 2 0.3 0.941147014 0.939845989
1000 TRUE FALSE 500 200 50 0.3 biLSTM 2 0.3 0.850016573 0.817333831
1000 FALSE TRUE 500 100 75 0.3 LSTM 4 0.3 0.849379686 0.842069225
1000 FALSE TRUE 500 100 75 0.3 GRU 4 0.3 0.849195238 0.841825634
1000 TRUE FALSE 500 200 50 0.1 biLSTM 4 0.3 0.848818795 0.816337899
1000 TRUE FALSE 500 200 50 0.1 GRU 2 0.3 0.847761057 0.815014231
1000 TRUE FALSE 500 200 50 0.1 LSTM 2 0.3 0.847498949 0.814677398
1000 FALSE TRUE 500 100 75 0.3 GRU 2 0.3 0.84685067 0.839635916
1000 FALSE TRUE 500 100 75 0.3 LSTM 2 0.3 0.846769571 0.839413632
1000 TRUE TRUE 500 200 50 0.1 GRU 4 0.3 0.810635694 0.80122234
1000 TRUE TRUE 500 200 50 0.1 LSTM 4 0.3 0.810017833 0.800804507
1000 TRUE TRUE 500 100 75 0.3 LSTM 4 0.3 0.80894793 0.809193097
1000 TRUE TRUE 500 200 50 0.1 LSTM 2 0.3 0.808315824 0.799211364
1000 FALSE TRUE 500 200 50 0.1 GRU 4 0.3 0.808314441 0.783773673
1000 TRUE TRUE 500 100 75 0.3 GRU 4 0.3 0.807893351 0.808067781
1000 FALSE TRUE 500 200 50 0.1 LSTM 4 0.3 0.807351411 0.782850232
1000 FALSE FALSE 500 100 75 0.3 LSTM 4 0.3 0.806950121 0.78797323
1000 TRUE TRUE 500 200 50 0.1 GRU 2 0.3 0.80680291 0.797987988
1000 TRUE TRUE 500 100 75 0.3 GRU 2 0.3 0.806125402 0.806454036
1000 TRUE TRUE 500 100 75 0.3 LSTM 2 0.3 0.80610008 0.806304019
1000 FALSE TRUE 500 200 50 0.1 LSTM 2 0.3 0.805871804 0.781350875
1000 FALSE TRUE 500 200 50 0.1 GRU 2 0.3 0.805663899 0.78077926
1000 FALSE FALSE 500 100 75 0.3 GRU 4 0.3 0.805486588 0.786351988
1000 FALSE FALSE 500 100 75 0.3 LSTM 2 0.3 0.803153346 0.784039623
1000 FALSE FALSE 500 100 75 0.3 GRU 2 0.3 0.802871588 0.783584771
1000 FALSE FALSE 500 200 50 0.1 LSTM 4 0.3 0.798550871 0.783676193
1000 FALSE FALSE 500 200 50 0.1 GRU 4 0.3 0.798207376 0.783414733
1000 FALSE FALSE 500 200 50 0.1 LSTM 2 0.3 0.795993826 0.781043827
1000 FALSE FALSE 500 200 50 0.1 GRU 2 0.3 0.795735324 0.780444273
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Table 9-8 Supplementary table 3: Regression Architecture for Hematopoiesis Data. This table 

presents various architectures and parameters evaluated for the regression part of the 

hematopoiesis data analysis. 

 

 

 

Num_genesAE_dim1 AE_dim2 AE_latent Alpha Reg_Model_TypeNum_Layers_BRNNReg_DropoutReg_P_CorrReg_Sp_Corr
1000 500 100 75 0.3 GRU 4 0.5 0.805312 0.78400909
1000 500 100 75 0.3 biLSTM 2 0.25 0.808028 0.78826535
1000 500 100 75 0.3 biLSTM 4 0.25 0.810279 0.78992654
1000 500 100 75 0.3 GRU 2 0.5 0.804575 0.78324911
1000 500 100 75 0.3 LSTM 2 0.25 0.807077 0.78634727
1000 500 100 75 0.3 GRU 4 0.25 0.809417 0.78902639
1000 500 100 75 0.3 biLSTM 2 0.5 0.803954 0.78245209
1000 500 100 75 0.3 GRU 1 0.25 0.804275 0.78339226
1000 500 100 75 0.3 GRU 2 0.25 0.806904 0.78635154
1000 500 100 75 0.3 biLSTM 1 0.5 0.79999 0.77845038
1000 500 100 75 0.3 biLSTM 1 0.25 0.805203 0.78462392
1000 500 100 75 0.3 LSTM 4 0.5 0.805791 0.78450958
1000 500 250 75 0.3 GRU 1 0.25 0.697021 0.66057573
1000 500 250 75 0.3 GRU 4 0.5 0.699193 0.66219704
1000 500 250 75 0.3 GRU 4 0.25 0.70304 0.66712391
1000 500 250 75 0.3 LSTM 2 0.5 0.697026 0.65977952
1000 500 250 75 0.3 LSTM 4 0.5 0.699848 0.66282786
1000 500 100 75 0.3 GRU 1 0.5 0.799607 0.77773103
1000 500 250 75 0.3 LSTM 1 0.25 0.694762 0.65835216
1000 500 250 75 0.3 GRU 2 0.5 0.697251 0.66033044
1000 500 250 75 0.3 LSTM 4 0.25 0.702469 0.66635414
1000 500 250 75 0.3 LSTM 1 0.5 0.69084 0.65393898
1000 500 250 75 0.3 LSTM 2 0.25 0.698557 0.66276796
1000 500 250 75 0.3 GRU 2 0.25 0.699621 0.66348044
5000 2500 1200 400 0.3 GRU 1 0.25 0.46879 0.44694201
5000 2500 1200 400 0.3 LSTM 1 0.5 0.472332 0.45050686
5000 2500 1200 400 0.3 LSTM 4 0.5 0.479761 0.45810421
5000 2500 1200 400 0.3 GRU 2 0.25 0.471762 0.44996175
5000 2500 1200 400 0.3 LSTM 2 0.25 0.472282 0.4505922
5000 2500 1200 400 0.3 LSTM 2 0.5 0.476202 0.45444539
5000 2500 1200 400 0.3 GRU 1 0.5 0.473874 0.45197846
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Table 9-9 Supplementary table 4: Regression Architecture for Reprogramming Data. This 

table presents various architectures and parameters evaluated for the regression part of the 

reprogramming data analysis. 

 

 

 

 

Table 9-10 Supplementary table 5: Cell Fate Prediction Architecture and Parameter Search 

for Reprogramming Dataset. This table describes different architectures and parameters tested 

for the fate prediction component in the reprogramming dataset, specifically for the task where all 

days except day 28 of clones are given to predict day 28. 

 

 

Num_genes Logged Scaled AE_dim1 AE_dim2 AE_latent Alpha Reg_Model_Type Num_Layers_BRNN Reg_Dropout Reg_P_Corr Day
1000 TRUE FALSE 500 100 75 0.3 biLSTM 2 0.3 0.94030711 15
1000 TRUE FALSE 500 100 75 0.3 biLSTM 4 0.3 0.94027223 15
1000 TRUE FALSE 500 100 75 0.3 LSTM 2 0.3 0.94027071 15
1000 TRUE FALSE 500 100 75 0.3 GRU 4 0.3 0.94026846 15
1000 TRUE FALSE 500 100 75 0.3 GRU 2 0.3 0.94026673 15
1000 TRUE FALSE 500 100 75 0.3 LSTM 4 0.3 0.9378291 28
1000 TRUE FALSE 500 100 75 0.3 LSTM 2 0.3 0.93348754 28
1000 TRUE FALSE 500 100 75 0.3 GRU 2 0.3 0.93085606 12
1000 TRUE FALSE 500 100 75 0.3 LSTM 4 0.3 0.93083982 12
1000 TRUE FALSE 500 100 75 0.3 LSTM 2 0.3 0.93083606 12
1000 TRUE FALSE 500 100 75 0.3 GRU 4 0.3 0.9307899 12
1000 TRUE FALSE 500 100 75 0.3 GRU 4 0.3 0.92778345 28
1000 TRUE FALSE 500 100 75 0.3 GRU 2 0.3 0.92155994 28
1000 TRUE FALSE 500 100 75 0.3 LSTM 2 0.3 0.90649628 21
1000 TRUE FALSE 500 100 75 0.3 GRU 2 0.3 0.90455302 21
1000 TRUE FALSE 500 100 75 0.3 LSTM 4 0.3 0.89629499 21
1000 TRUE FALSE 500 100 75 0.3 GRU 4 0.3 0.89627319 21

Num_Genes Num_Features Classification_Model_Type Num_Layers Classification_Dropout Accuracy Categorical_Crossentropy
1000 75 biLSTM 2 0.25 0.996833 0.008782554
1000 75 biLSTM 4 0.25 0.996367 0.009584519
1000 75 GRU 2 0.25 0.996767 0.009473658
1000 75 biLSTM 4 0.25 0.9964 0.010703371
1000 75 biLSTM 2 0.5 0.986933 0.045165885
1000 75 biLSTM 4 0.5 0.9802 0.06844167
1000 75 GRU 2 0.5 0.9826 0.06100791
1000 75 GRU 4 0.5 0.975467 0.081366405
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Table 9-11 Supplementary table 6: Cell Fate Prediction Architecture and Parameter Search 

for Reprogramming Dataset. This table describes different architectures and parameters tested 

for the fate prediction component in the reprogramming dataset. The task involves using data from 

all days except day 21 and day 28 of clones to predict day 28. 

 

 

Table 9-12 Supplementary table 7: Comparison of Deep Learning Architectures for Cell Fate 

Classification in Reprogramming. This table describes different architectures and parameters 

tested for the fate prediction component in the reprogramming dataset. The task involves using 

data from all days except day 15, 21, and day 28 of clones to predict day 28. 

 

Num_Genes Num_Features Classification_Model_Type Num_Layers Classification_Dropout Accuracy Categorical_Crossentropy
1000 75 biLSTM 2 0.25 0.9461333 0.10827406
1000 75 biLSTM 4 0.25 0.9462333 0.10588061
1000 75 GRU 2 0.25 0.9455333 0.112969115
1000 75 GRU 4 0.25 0.9456333 0.10925144
1000 75 biLSTM 2 0.5 0.9404667 0.13359515
1000 75 biLSTM 4 0.5 0.9348333 0.14498238
1000 75 GRU 2 0.5 0.9399333 0.13637076
1000 75 GRU 4 0.5 0.9328667 0.14783286

Num_Genes Num_Features Classification_Model_Type Num_Layers Classification_Dropout Accuracy Categorical_Crossentropy
1000 75 biLSTM 2 0.25 0.9119 0.19947106
1000 75 biLSTM 4 0.25 0.9119 0.19950864
1000 75 GRU 2 0.25 0.9119 0.19949198
1000 75 GRU 4 0.25 0.9119 0.19950809
1000 75 biLSTM 2 0.5 0.9119 0.19966803
1000 75 biLSTM 4 0.5 0.9119 0.20008819
1000 75 GRU 2 0.5 0.9119 0.19969603
1000 75 GRU 4 0.5 0.9119 0.20006862
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Table 9-13 Supplementary table 8: Ablation Study for Hematopoiesis Dataset. This table 

provides results from ablation studies conducted on the hematopoiesis dataset, showing the 

importance of clonal data and also how different parameters contribute to overall performance. 

 

 

 

 

Table 9-14 Supplementary table 9: Ablation Study for Reprogramming Dataset. This table 

provides results from ablation studies conducted on the hematopoiesis dataset, showing the 

importance of clonal data and also how different parameters contribute to overall performance. 

 

Num_Genes Num_Features Classification_Model_Type Num_Layers Classification_Dropout Accuracy Categorical_Crossentropy
1000 75 biLSTM 1 0.25 0.52 1.0655743
1000 75 biLSTM 2 0.25 0.508 1.2692021
1000 75 biLSTM 4 0.25 0.517333 1.4407775
1000 75 GRU 1 0.25 0.503333 1.054049
1000 75 GRU 2 0.25 0.512667 1.4320257
1000 75 GRU 4 0.25 0.513 1.4005127
1000 75 biLSTM 1 0.5 0.507 0.9063669
1000 75 biLSTM 2 0.5 0.509 1.010492
1000 75 biLSTM 4 0.5 0.508667 1.0225995
1000 75 GRU 1 0.5 0.507 0.91736084
1000 75 GRU 2 0.5 0.522333 1.0038046

Num_Genes Num_Features Classification_Model_Type Num_Layers Classification_Dropout Accuracy Categorical_Crossentropy
1000 75 biLSTM 2 0.25 0.5012 2.5337613
1000 75 biLSTM 4 0.25 0.5053 2.6043837
1000 75 GRU 2 0.25 0.5057 2.2953575
1000 75 GRU 4 0.25 0.4951 3.0412765
1000 75 biLSTM 2 0.5 0.4916 2.2944665
1000 75 biLSTM 4 0.5 0.4955 2.772279
1000 75 GRU 2 0.5 0.4996 2.0155866
1000 75 GRU 4 0.5 0.5022 3.0623906


