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Abstract

Liver transplantation is a life-saving treatment for patients with end-stage liver disease.
However, donor organ scarcity and patient heterogeneity make finding the optimal donor-
recipient matching a persistent challenge. Existing models and clinical scores are shown to be
ineffective for large national datasets such as the United Network for Organ Sharing (UNOS).
In this study, I present a comprehensive machine-learning-based approach to predict post-
transplant survival probabilities at discrete clinical important time points and to derive a
ranking score for donor-recipient compatibility. Furthermore, I developed a recipient-specific
"optimal donor profile", enabling clinicians to quickly compare waiting-list patients to their
ideal standard, streamlining allocation decisions. Empirical results demonstrate that my
score’s discriminative performance outperforms traditional methods while maintaining
clinical interpretability. I further validate that the top compatibility list generated by our
proposed scoring method is non-trivial, demonstrating statistically significant differences
from the list produced by the traditional approach. By integrating these advances into a
cohesive framework, our approach supports more nuanced donor-recipient matching and
facilitates practical decision-making in real-world clinical settings.
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Chapter 1

Introduction

Liver transplant (LT), a surgical procedure that replaces a patient’s diseased liver with a
healthy liver from a donor, remains the definitive treatment for disease and hepatocellular
carcinoma, often providing long-term survival benefits and improved quality of life [50, 14, 20].
However, the allocation of donor livers is complicated by the persistent problem of organ
shortage, where the demand for transplants far exceeds the supply [51]. This scarcity
pressures clinicians to optimize both recipient clinical emergency and donor-recipient
matching criteria to ensure that each precious draft gets allocated to the most needed
potential recipient and offers the maximum possible survival benefit.

Current allocation systems primarily rely primarily on clinical urgency rather than the
prediction of post-transplant outcomes. Standard metrics such as the Model for End-Stage
Liver Disease (MELD) score and state-of-art liver pre-transplant risk metric MELD 3.0 score
prioritize the sickest patients first, which is clinically justified but may not always guarantee
the best long-term graft survival as it does not consider donor characteristics in their
evaluation [31, 35]. To supplement urgency-based metrics, clinicians also use established
risk prediction models and donor-recipient scoring systems, including the Balance of Risk
(BAR) score [11], the Donor Risk Index (DRI) [16], and other specialized indices |17, 19].
While these tools provide valuable heuristics, they often fail to capture the full complexity
of donor-recipient and do not consistently yield optimal outcomes over the years [51]. The
complexity of donor-recipient matching arises from the heterogeneous nature of both donors
and recipients. Donors vary in age, liver quality, and ischemia times, while recipients differ
in disease etiology, MELD scores, and overall health status. Moreover, traditional risk
models tend to apply fixed weights derived from historical cohorts, overlooking critical
interaction between donor and recipient. Recent advances in machine learning (ML) and
deep learning have shown promise in improving predictive accuracy for transplant outcomes



[15, 7, 9]. By harnessing high-dimensional clinical data, ML-driven approaches can offer
more individualized survival estimates. Such approaches can identify non-obvious patterns
in donor-recipient compatibility and optimize graft utility. Yet, despite these promises,
these approaches are not fully integrated into clinical practice. Challenges related to data
quality and model interpretability still remain [1].

1.1 Problem Statement

To sum up, liver transplant continues to face a critical shortage of suitable donors compared
to the growing number of patients requiring transplants [54]|. In addition, suboptimal
donor-recipient matches can significantly increase the risk of graft failure and possibly higher
mortality. The core challenge of providing a better matching is the inherent complexity of
allocating organs: each recipient and donor presents a heterogeneous clinical profile [51]. So
far, no universally accepted, data-driven algorithm exists to determine the most appropriate
donor for a given recipient. Instead, surgeons and transplant coordinators often rely on
clinical experience and limited scoring systems that do not comprehensively capture the
multifaceted donor-recipient interactions.

Under these circumstances, there is a pressing need to reduce guesswork and improve
resource allocation, ensuring that each available donor organ is utilized where it can bring
about the greatest long-term benefit. Consequently, our overarching aim is to propose a
framework capable of ensuring precision and efficiency in organ allocation, thereby increasing
post-transplant survival rates and reducing adverse outcomes.

1.1.1 Problem Setup

To formalize the allocation challenge, we define a set of potential liver transplant recipients
R =Ary,ra,...,Tn},

where each recipient r; has a clinical feature vector x,,, and a set of donors
D ={dy,ds,...,dn,},

each with attributes x4;. Our goal is to find a function

[+ (x4,,%Xq,) + compatibility score,



which accurately reflects the expected survival outcome 7'(r;, d;) for the donor-recipient
pair (n-, dj). A higher score indicates a more favorable match, implying a greater likelihood
of successful transplantation and prolonged graft survival.

Once this function is estimated, for each recipient r; we can then identify the donor d;
that maximizes

f (Xrn de) .

By systematically ranking the donors according to their compatibility scores and finding
the optimal donor for each patient, the problem solution aims to facilitate more data-
driven and reliable allocation decisions. The end goal is to equip transplant teams with
a principled method to highlight which donor-recipient pairs stand to achieve the most
favorable long-term outcomes.

1.2 Owur Contributions

The work introduces a new donor-recipient matching framework for liver transplantation
that moves beyond the traditional clinical scoring system. Instead of focusing on urgency-
based criteria or limiting the model to fixed, simplistic scoring formulas, we leverage a
data-driven, machine-learning approach to predict robustly and rank long-term survival
outcomes. Specifically, we apply a survival-augmented variant of XGBoost [13], enriched
with a specialized survival loss function, to model the probability of graft survival at multiple
clinically relevant time horizons. We then use this reliable method to derive a ranking
score that identifies the most suitable donors for a given patient on the waiting list rather
than merely producing a predicted survival time. A key aspect of our method is that it
integrates a careful feature selection process, ensuring that only informative and clinically
meaningful variables influence the final matching decision. By doing so, we minimize
the noise and focus on factors that affect post-transplant survival. The ranking score is
constructed by integrating survival probabilities across multiple time points, producing a
theoretically meaningful representative measure of each candidate’s potential benefits. To
validate the significance of our results, we incorporate a hypergeometric test-based statistical
evaluation, confirming that the identified top 5% donors, according to our ranking, differ in
a non-random, meaningful way from those prioritized by the conventional method (BAR
score). We also provide example recipient selection processes for low, medium, and high
MELD score patient groups. We evaluate our framework performance with each MELD
score group to acknowledge clinicians when and how to utilize our framework in different
MELD groups.



Chapter 2

Related Work

Predicting post-transplant outcomes, such as graft survival or patient mortality following
liver transplantation, remains a critical challenge in transplantation medicine. Over the
past several decades, various methods have been employed, ranging from basic statistical
estimators and classical survival models to more sophisticated machine learning and deep
learning techniques. This chapter reviews the existing ML methods in the time flow shown
in Figure 2.1 as well as some existing liver transplant matching clinical scores. We discuss
each method in detail and explain why or why not it is a good choice for our issue, beginning
with an introduction to survival analysis, followed by the evolution of traditional models
and the emergence of complex ML and DL methodologies.

2.1 Introduction of Survival Analysis

Successful allocations depend on predicting whether a recipient will experience graft failure
or death within a critical time window. Traditional regression approaches often fail to
handle these outcome variables properly since not all patients reach the event of interest
(draft failure in our case) by the end of the study. Hence, a dedicated survival analysis
framework is essential. In subsequent sections, we will take a look at several ML models
that deploy survival frameworks. Therefore, it is necessary to introduce it first.

Survival analysis focuses on modeling the time until the occurrence of an event [29]. A
defining characteristic of survival data is the presence of censoring: for some individuals,
the event may not have occurred by the end of the observation period, leaving their true
event time unknown. In the context of liver transplantation, the event of interest may be



Cox Proportional Kaplan-Meier Tgi:‘]i‘az?d DeepSurv DeepHit(2018)
Haa ) (1985) Methods(2008)

Figure 2.1: Related Works in Survival Analysis

graft failure or patient death, and the censoring time is the moment that clinicians stop
recording the recipient’s post-transplant status. All the related methods we discuss in the
following are based on survival analysis.

Formally, each individual ¢ provides an observed time T; = min(7;, C;), where C; is the
censoring time, T; is the event time, and an event indicator J; defined as:

" 10 otherwise.

The covariates X; € R? describe the donor and recipient characteristics. These observations
(T3, 6;, X;) form the basis for learning risk patterns in a survival setting.

Survival Function. The survival function is defined as:
S(t) =P(T > t), (2.1)
which gives the probability that the event time T" exceeds a given time t. By definition,

S(t) is a non-increasing function with S(0) =1 and lim,; ,., S(t) = 0.
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Hazard Function. The hazard function characterizes the instantaneous risk of the event
occurring at time ¢, given survival up to that time:

Pt <T <t+At|T>t)
At—0 At

. (2.2)

The hazard function does not represent a probability but rather a rate. It directly relates
to the survival function via:

S(t) = exp (— /0 ) du) | (2.3)

2.2 Kaplan-Meier Estimator

Among the earliest and most widely used tools in survival analysis is the Kaplan-Meier

(KM) estimator [15]. The KM estimator provides a non-parametric estimate of the survival
function S(t):
. d-
S(t) = 1—-—= 2.4
o=T1(1-%), 2.4)
T; <t

where d; is the number of individuals at time TZ and r; is the number of individuals at risk
just prior to T;. KM estimator effectively handles censored observations, offering a simple
and intuitive way to visualize survival probabilities over time. However, KM curves do not
accommodate covariates, making it challenging to produce individualized predictions that
account for donor and recipient factors influencing outcomes.

2.3 The Cox Proportional Hazards Model

The Cox Proportional Hazards (CoxPH) model [21]| revolutionized survival analysis by
introducing a semi-parametric framework that avoids specifying a baseline hazard function.
It assumes the hazard function for an individual with covariates X can be expressed as:

h(t|X) = ho(t) exp(8' X),

where hy(t) is an unspecified baseline hazard and  is a vector of coefficients to be estimated
from data.



Due to its semi-parametric nature, the CoxPH model provides a more flexible approach
than strict parametric models. In medical research, CoxPH models have been widely used to
assess the effect of individual characteristics, surgical factors, and clinical treatment on the
potential event of interest outcomes [36, 43, 36]. Its interpretable coefficients representing
log hazard ratios associated with covariates make it attractive to clinicians and policymakers.
However, CoxPH relies on the assumption of proportional hazards and may not capture
complex non-linearities or interactions in high-dimensional donor-recipient data.

2.4 DeepSurv Model

As the volume and complexity of clinical data increased, researchers began to explore whether
more flexible function approximators could outperform traditional models. DeepSurv [33] is
one prominent example. It adapts the CoxPH framework by replacing the linear predictor
BT X with a neural network that learns a non-linear representation of covariates:

h(t]X) = ho(t) exp(fo(X)),

where fy is a neural network with parameters 6. DeepSurv thus retains the relative risk
interpretation of CoxPH while allowing for complex, non-linear feature interactions.

In several clinical contexts, including oncology and cardiovascular disease, DeepSurv
has demonstrated improvements in discrimination and calibration over CoxPH [12]. Deep-
Surv can handle large feature sets and potentially complex variables by applying modern
optimization and regularization techniques. However, performance improvements are often
incremental and can be sensitive to hyperparameter tuning and data preprocessing steps.
Moreover, deep neural networks may be prone to overfitting, particularly if data quality
and sample sizes are not sufficient. In addition, the dataset’s missingness and heterogeneity
pose significant challenges in the stage of training [33].

2.5 DeepHit Model

While DeepSurv builds upon the Cox model’s risk-based approach, DeepHit [37] takes a
different route by modeling the joint distribution of survival times. DeepHit employs a
deep neural network to learn a discretized representation of the survival function at a list
of time points at competing events (events that cannot happen simultaneously).



Formally, let T be a discrete random variable denoting the time-to-event (with 7" €
{1,2,..., L} for some maximum follow-up time L), and let J be a random variable rep-
resenting the event type, with J € {1,2,..., K} for K possible event types (including a
censored outcome when the event is unobserved). DeepHit aims to estimate:

pii(t) =Pr(T =t,J =j|X;),

for each individual ¢ with covariates X;. By modeling p;;(t), DeepHit produces a full joint
distribution over time and events, allowing for flexible and granular prediction of survival
probabilities across a spectrum of competing outcomes.

DeepHit uses a loss function that encourages both discrimination and proper calibration
of survival probabilities p;;(¢). Empirical studies have shown that DeepHit can outperform
traditional survival methods and even DeepSurv in certain settings [37]. Modeling the joint
distribution provides a richer representation of outcomes and is particularly useful when
competing events are prominent. However, this added complexity translates into increased
computational overhead and potentially intricate tuning procedures. Additionally, simply
aggregating the prediction result over discrete time points may degrade its predictive power
to that of Cox PH [3].

2.6 Tree-based Survival Methods

Unlike previous methods, Tree-based survival methods fit particularly well in our problem
setting. These models adapt decision-tree algorithms for time-to-event data. This adjust-
ment allows the algorithm to handle censored observations and to model the time until an
event occurs. When many survival trees are aggregated into an ensemble, as in Random
Survival Forest (RSF) [27], overall predictive performance can improve substantially, and
heterogeneous clinical features can be incorporated more effectively.

In the context of donor-recipient matching for liver transplantation, tree-based ap-
proaches confer several advantages. They capture non-linear and interaction effects among
donor and recipient attributes without requiring explicit transformations, making them
well-suited to the high-dimensional, heterogeneous data commonly encountered in medical
registries. These methods also manage missing data by assigning missing records to branches
dedicated to incomplete information or by employing surrogate splits [16]. Furthermore,
they handle categorical variables without imposing artificial numeric ordinality, a valuable
characteristic given that most transplant-related features are distinctly non-ordinal. While
large-scale tree ensembles can evolve into black-box models, measures such as variable



importance, enable investigators to identify the main drivers of survival and to provide
explanatory insights to clinicians [16]. Overall, tree-based survival methods are greatly
suited to our problem needs.

2.6.1 XGBoost Model

We introduce XGBoost (eXtreme Gradient Boosting) here as we build our method using it
as the base, adapting it to time-to-event data. It was originally designed for regression and
classification, yet its efficiency and robust performance on tabular datasets have made it a
favorite in many practical scenarios |13]. Compared to Random Forest (RF), the foundation
of RSF, XGBoost incrementally refines an ensemble of weak learners by iteratively adding
new trees that focus on the residual errors left by previous iterations. In addition, its
optimized parallel implementation and efficient data handling often result in faster training
times and lower memory usage than RF, which is particularly beneficial for high-dimensional
clinical variables in survival analysis.

2.7 Clinical Scoring Systems and Domain-Specific In-
dices

In parallel with statistical and ML models, numerous clinical scoring systems have been
developed to assist in liver allocation and post-transplant prognostication. The Donor Risk
Index (DRI) [10] is one early example that summarizes donor quality into a single metric.
D-MELD score [23], improves draft compatibility of traditional MELD score by considering
donor age. The Survival Benefit model [19] attempts to quantify the net survival gain
from transplantation compared to remaining on the waitlist, while the Survival Outcomes
Following Transplantation (SOFT) score and the Balance of Risk (BAR) score [15, 1]
integrates donor and recipient factors to reflect clinical reality better.

Although these scoring systems are easy to implement and interpret, their static nature
and limited feature sets often fail to capture complex, time-varying interactions. Moreover,
all precision scores have declining discrimination over time [51]. As a result, they may
yield suboptimal stratification of patients, especially in scenarios where patient populations
and donor criteria evolve over time. Some newer models attempt to refine these indices,
incorporate additional variables, or consider non-linear relationships among donor-recipient
pairs [1]. Still, consensus on a definitive, universally applicable clinical scoring system
remains elusive.



Chapter 3

Preliminaries

This chapter introduces the necessary evaluation metrics and the donor classification method
for our subsequent validations and analyses.

3.1 C-index (Harrell’s Concordance Index)

In survival analysis, Harrell’s Concordance Index (C-index) [25] is a widely used metric
for evaluating a model’s discriminative ability. The C-index (C') measures how well the
model’s predicted risk scores respect the ordering of true event times as the following:

Zi;ﬁj I(Xi < Xj)](Ti > Tj)dj
Zi;ﬁj I(Ti > Tj)dj

where [ is an indicator function, 7; and 7T} are the times to event for patients ¢ and j,
X; and X are risk scores for patients ¢ and j, and d; is the censoring indicator for patient

VE

Values of C' near 0.5 indicate that the risk score predictions are no better than a coin
flip in determining which patient will live longer. Values near 1 indicate that the risk scores
are good at determining which of two patients will have the disease first.

10



3.2 K-Prototypes Clustering

Clustering techniques are used to identify subgroups within a dataset. While k-means
clustering is well-suited to numerical data |2], clinical datasets often include both numer-
ical (e.g., recipient age, MELD score) and categorical features (e.g., blood type). The
K-Prototypes algorithm [28] extends k-means by combining distance measures for both
numerical and categorical variables:

d((2,y), (e, ye)) = D (15— 2e))* + Y Wys # ye,),

T;ET Y; €Y

where (z,y) represents an instance with numerical features = and categorical features y,
and (2., y.) is a cluster centroid.

3.3 Hypergeometric Test

The hypergeometric test is used to determine whether the observed number of "successes" in
a sample drawn from a finite population significantly deviates from what would be expected
by random chance [22]. Consider a population of size N, containing K items classified as
"successes." We draw a sample of size n without replacement and observe that exactly & of
these sampled items are successes. The hypergeometric distribution models the probability
of this outcome.

The probability mass function (PMF) of the hypergeometric distribution is given by:

(i) Cor)
()

P(X =k)=

where:

e N is the total population size,
e [ is the total number of successes in the population,
e n is the sample size,

e [ is the observed number of successes in the sample.

11



To assess statistical significance, we compute the probability of observing k or more
successes by chance. This corresponds to the upper tail of the hypergeometric distribution:

min(K,n) (K) (N*I‘()

PX>k)= ) -~

= G

A small p-value (e.g., p < 0.05) obtained from this cumulative probability indicates that
the observed number of successes is unlikely to have occurred by random chance, suggesting
a statistically significant enrichment of the observed trait or category in the sample.

3.4 Time-Dependent ROC Curves and AUC

Traditional receiver operating characteristic (ROC) curves and their associated Area Under
the Curve (AUC) metrics are designed for binary classification tasks, where the outcome is
either an event occurrence or a non-occurrence at a fixed point in time. In survival analysis,
however, the event of interest may occur at various times, and censored observations
complicate the direct application of standard ROC methods. To address these challenges,
time-dependent ROC curves and their corresponding time-dependent AUCs have been
developed [30].

Time-Dependent ROC Curve For a chosen time ¢ > 0, consider the following classifi-
cation rule: an individual is predicted to fail by time t if their predicted risk is above a
certain threshold c. To construct the time-dependent ROC curve at time ¢, we must define
cases and controls with respect to the event occurrence by ¢, where § represent where the
individual is censored ( § = 1 when uncensored and § = 0 when censored):

e Cases: Individuals who experience the event by time ¢ (i.e., T <t and § = 1).

e Controls: Individuals who are known to remain event-free past time ¢ (i.e., T' > t).
This includes both those observed event-free beyond ¢ and those censored after t.

Given a continuous risk score X, we vary the threshold ¢ to obtain pairs of sensitivity
and specificity at time ¢. Specifically:

Sensitivity(t,¢) = P(X > ¢ | T <t,§d =1),

12



Specificity(t,c) = P(X <c|T > t).

Plotting (1 — Specificity(, ), Sensitivity(¢, ¢)) as ¢ varies produces the time-dependent
ROC curve at time t. Just as in the classical ROC framework, a perfect classifier would
achieve 100% sensitivity and specificity, and hence its time-dependent ROC curve would
pass through the upper-left corner of the unit square.

Time-Dependent AUC The time-dependent AUC is then defined as the probability
that, given two individuals, one who fails by time ¢ and one who survives beyond t, the
model assigns a higher risk score to the one who fails earlier. Formally:

where (7, 7) is a pair of individuals drawn from the population, where X; and X represent
their risk score, such that T; <t and 7; > t. Aggregating over all individuals 7 and j:

>oicr 2y LTy > O I(T; < twil (X < X5)
AVCW) = =255 1T > 1) (o, 107, < )

where w; are inverse probability of censoring weights (IPCW).

Under this definition, AUC(#) quantifies the model’s capacity to correctly rank individuals
with respect to their risk of failing before time ¢. Just as in the classical AUC framework,
A time-dependent AUC of 0.5 indicates no better discrimination than random guessing at
time ¢, while a value closer to 1.0 indicates strong discriminative ability.

13



Chapter 4

Data and Preprocessing

This chapter focuses on the data we use in this study. It introduces the liver transplant
data source and explains how we process the study population and its features. Most
importantly, it analyzes the challenge imposed by this dataset’s nature, which will be helpful
when designing our methodology in the next chapter.

4.1 Data Source (UNOS)

The study utilized data from STAR (Standard Transplant Analysis and Research) files.
STAR flies are datasets that contain Organ Procurement and Transplantation Network
(OPTN) patient-level information about LT procedures from all U.S. transplant hospitals,
including both donor and recipient features, collated from (UNOS) United Network for
Organ Sharing Data [ 1]. The author of the thesis has submitted a request and signed the
required Data Use Agreement to use the STAR data files for research purposes.

4.2 Study Population

All liver transplants performed from January 2009 to December 2019 were included in the
study. This time frame was chosen to contain a transplant recent enough to reflect today’s
reality as well as provide a long enough post-transplant period to observe survival outcomes.
We included all patients aged at least 18 years who underwent deceased donor L'T. However,
several transplants were excluded to maintain a focused, homogeneous study population.
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We excluded pediatric transplants, living donor L'T, and multi-organ transplants. Patients
with Status 1 are also excluded as those patients require immediate action and should always
be on top of the rank. The full inclusion and exclusion criteria are shown in Supplementary
Figure B.1.

4.3 Features Selection

To identify clinically relevant and non-leaking features suitable for the liver transplant
context, we initially followed the data cleaning methodology proposed by Berrevoets et
al. [6]. The step-by-step feature exclusion process is illustrated in Supplementary Figure B.2.

Subsequently, we refined the feature set through a series of statistical assessments. For
example, variables reflecting post-transplantation outcomes were excluded to prevent data
leakage. Features with more than 20% missingness or those exhibiting zero or near-zero vari-
ability were also removed. In addition, expert clinicians reviewed the remaining variables to
identify clinically important features and discard irrelevant ones. The additional refinement
pipeline for this feature selection process is presented in Supplementary Figure B.3.

4.4 Challenge and Previous Attempt with UNOS Dataset

Several studies have attempted to use the UNOS liver transplant dataset (the one we
use) to develop predictive models for post-transplant survival outcomes. Briceno et al.
[21] investigated the functionality of Artificial Neural Networks (ANNs) using the United
Network for Organ Sharing (UNOS) database. This database included data from 39,189
liver transplants, encompassing donor, recipient, and logistical factors. The study focused
on predicting outcomes for the majority class (graft survival) and the minority class (non-
survival) at several intervals (3 months, 1, 2, and 5 years). The researchers compared
classical statistical approaches (naive Bayes and logistic regression) with various machine
learning techniques: ANNSs, random forests, gradient boosting, and support vector machines.
At the 5-year mark, traditional logistic regression (AUC = 0.654) outperformed machine
learning methods such as ANNs (AUC = 0.599) and random forests (AUC = 0.644). The
authors noted that UNOS dataset contains a significant amount of incomplete data, with
only 28 variables having less than 10% missingness data.

The poor performance problem that existed in the UNOS dataset further exploded
in the evaluation of Cox models and machine learning techniques’ prediction power in
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survival time after liver transplant by Kantidakis et al [32] . It evaluates the 62294 patients
who underwent liver transplant surgery from 2005 to 2015. The average C-index, a rank
statistic between all Cox models and Random Survival Forest observations, is around 0.62,
suggesting suboptimal model performance. It also mentions that deep learning models
suffer from overfitting and instability across training due to the large number of weights.
The two studies above indicate that difficulties in accurately predicting post-transplant
survival stem from the dataset’s inherent characteristics and the structural limitations of
existing models. While addressing this challenge is difficult, it, in the meantime, offers
substantial potential for improvement.
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Chapter 5

Methodology

In this chapter, we detail the technical framework of our approach to donor-recipient
matching, beginning with the motivations and culminating constructions of loss function
and scoring system tailored to the feature set refinement process.

5.1 Motivation for Using XGBoost as the Prediction
Model

We selected XGBoost for our prediction model for three primary reasons. First, Kantidakis
et al. [32] demonstrated that Random Survival Forest outperforms traditional methods
like the Cox Proportional Hazards model on similar tasks. This performance advantage is
particularly relevant for the UNOS dataset, which contains a substantial amount of missing
data. Tree-based models like XGBoost can inherently handle missing values without the
need for imputation by treating them as a separate category during the splitting process
[13], thus simplifying the data preparation process.

Moreover, since the features in the UNOS dataset are either categorical (for example,
Patient Ending Status, ABO, or whether the patient had an exception point) or numerical
features on diverse scaling (for example, patient weight, age, creatine level at transplant,
XGBoost’s tree-based structure naturally handles those variables without requiring normal-
ization or extensive encoding. This preserves the data’s inherent properties and reduces the
preprocessing complexity.

Additionally, the tree-based structure of XGBoost offers a level of interpretability that
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deep learning methods often lack, enabling clinicians and researchers to gain insights into
the features most influential for survival predictions, increasing the model’s credibility [13].

Overall, these features make XGBoost particularly suitable for predicting post-transplant
survival probabilities using the UNOS dataset.

5.2 Motivation for Using Multi-label Survival Probabil-
ity Prediction and Ranking Score

Traditional methods often produce a direct point estimate of survival time, which is
straightforward to implement and convenient for numerical comparison. However, in the
UNOS dataset, empirical results in Table 6.1 suggest that these direct estimations yield
high error margins. Models designed to output a single survival-time estimate exhibit
substantial Root Mean Squared Error (RMSE), indicating difficulty in capturing the precise
event time for each individual. These high RMSE values may be attributed to the difficulty
of directly predicting exact survival time from complex, high-dimensional data where event
times vary widely.

Therefore, instead of relying on a single predicted survival time, a more flexible approach
is to predict survival probabilities at a series of discrete time points. Using discrete time
points to model post-transplant outcomes on the liver transplant dataset has been shown
in prior research [3] to yield higher accuracy and precision. By modeling each time point as
a separate label, the model can learn a probability that captures how likely the event is to
occur within each interval. This multi-label scheme is generally more straightforward to
estimate because it focuses on the probability of surviving past critical milestones rather
than pinpointing the exact event time. In addition, it can better align with clinical protocols,
which often monitor patients at specific checkpoints such as three months, six months,
one year, and beyond. Most importantly, this approach aligns with the primary research
question of this thesis: to design a compatibility score of LT transplant based on patients
and donors to inform treatment strategies and resource allocation rather than estimate the
patients’ post-transplant survival time.

5.3 Discrete Survival Time Point Construction

Our model is specifically trained to predict the survival probability at various clinical-
important time points (e.g., 3 months, 6 months, 12 months, 36 months, 60 months, and
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72 months) for each patient-donor pair. Such time points are chosen by consulting with
clinicians and are able to capture patients’ post-transplant survival in a diverse time range.
Let these time points be denoted by:

O<t1<t2<"'<tM,Wh€I'€M:6,tM:72

5.4 Survival XGBoost Loss Function Construction

Below, we illustrate how the losses for both uncensored and censored data are calibrated in
our Survival XGBoost Model.

5.4.1 Handling Uncensored Data

For uncensored individuals, we have complete information about their event time. Let 7}
be the observed event time for individual 7. For each discrete time point ¢;, define the true
survival status y; ; as:

1t < T; (individual 4 is alive after the event),
Y=o it t; > T; (individual i has experienced the event at or before ;).

The model predicts p; j, the probability of surviving through time ¢; for individual 7. To
encourage the model to predict high survival probabilities before the event and low survival
probabilities at or after the event, we employ a cross-entropy based loss over all uncensored
individuals and all time points:

M
Luncensored = - Z Z [yi,j log(pi7j) + (]‘ - yi,j) log(l - pi,j)] )

e j=1

where U denotes the set of uncensored individuals.

5.4.2 Handling Censored Data

For censored individuals, we only know that they survived up to their censoring time Cj,
but not beyond. For each censored individual 7, we set:

yi,j = 1 fOI' all t] S Ci?
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indicating that the individual is event-free through time C;. Beyond C;, we have no direct
information, so we do not penalize the model’s predictions for ¢; > C;.

Let £,,(;y denote the largest discrete time such that ¢,,; < C;. Then, the partial-entropy
loss for censored data is given by:

Lcensored = - Z Z log(pi,j>7

ieC j=1

where m/(i) is the index corresponding to the last discrete time point ¢,,;y < C; for individual
i, and p; ; is the predicted survival probability at time ¢;.

5.4.3 Combining Loss Functions

Finally, we combine the fully observed (uncensored) and partially observed (censored) losses
into a single function. Introducing a hyperparameter o € [0, 1] allows us to control the
relative importance of each loss component. Specifically, we define:

L= Luncensored +a- Lcensored

The hyperparameter o can be tuned to mitigate the imbalance inherent in the dataset,
particularly when censored instances are more prevalent. By adjusting «, we balance the
model’s focus, ensuring that it learns robust survival patterns without overly relying on
either fully observed or partially observed data. As the result, the combined loss L fosters
more accurate and generalizable survival predictions across the entire study population.

5.5 Ranking Score Construction

To compute a ranking score for each donor-recipient pair, we begin by obtaining estimates
of the survival probability using a trained XGBoost survival model:

S(tj):ﬁj, fOI‘jzl,Q,...,M.

Next, we approximate the expected survival time by discretely integrating the survival
curve. For each interval [t;,t;41], we assume the survival probability is approximately
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constant at S(¢;). The incremental contribution of each interval to the expected survival is
then:

Ay =5(ty) - (Lra = 15).

Summing these increments over all intervals yields the ranking score:

-1

RankingScore(D, R) Z S(t ]H t; )
J=1

This score represents a lower-bound estimation of the expected survival time for the
donor-recipient pair, as outlined in the proof provided in Appendix A, which shows that
the proposed ranking score is statistically significant. The higher the score is, the more
compatible of the donor-recipient pair.

In this study, clinically meaningful time points were identified by expert clinicians as
critical intervals for evaluating post-transplant survival: 3, 6, 12, 36, 60, and 72 months,
denoting by:

t; = 3 months,

to = 6 months,

t3 = 12 months,

t4 = 36 months,

t5 = 60 months,

te = tyr = 72 months.

The result of the ranking score calculation remains the same.

5.6 Feature Selection and Model Refinement

A central challenge in leveraging large-scale registry data like UNOS data, such as that
provided by the national transplant system, is clinical variables’ heterogeneous quality
and completeness. Differences in hospital-level data recording practices often lead to high
proportions of missing values in national datasets like UNOS, reducing the utility of certain
features [21]. Therefore, relying solely on clinical experts’ guidance may not yield helpful
features. To address this, we employ a two-step process using statistical validation to
improve feature selection and rankings.
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5.6.1 Initial Feature Selection via Our Model

Our workflow commences with the proposed model trained to differentiate two groups of
data instances. Group 1 contains donor-recipient pairs that exhibit both favorable survival
outcomes and high predicted ranks. In contrast, Group 2 represents pairs that, despite being
ranked highly by the model, have comparatively poor survival outcomes. By examining
these groups, we can identify which features the model relies upon when distinguishing
strong donor-recipient matches from weaker ones, which our initial model cannot capture.

5.6.2 Statistical Validation of Features

Once we have the two groups from the initial model, we refine the feature set using statistical
tests. Continuous variables are examined using two-sample T-tests [31] to assess differences
in means between the two groups. For categorical variables, we apply chi-square tests [52]
to determine whether feature distributions differ significantly. Together, these two tests
produce certain features that carry meaningful survival-related information that differs
between long and low-surviving pairs we did poorly in the first model.

5.6.3 Combining Feature Importance and Statistical Significance

The features that pass statistical significance thresholds are then merged with the top 70
most frequently utilized features identified by the initial XGBoost model. This integration
ensures that the final feature set is grounded not only in model-driven salience but also in
statistical evidence of relevance.

5.6.4 Secondary Model and Compatibility Scoring

With this enhanced feature set, we train a secondary XGBoost survival model optimized
to predict survival outcomes and generate a donor-recipient compatibility score. The
final model is better equipped to distinguish between favorable and less compatible donor-
recipient pairs, thereby supporting clinicians in making more informed decisions during the
transplantation process. A flowchart of the entire model refinement process is depicted in
Figure 5.1.
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Chapter 6

Experiment and Evaluation

The dataset was divided into training (80%) and testing (20%) subsets. To ensure both
the training and testing sets have a similar distribution of survival times, the train-test
split was based on binned graft survival times. The training subset was further split into
training (95%) and validation (5%) for tuning hyper-parameters. Notice here that we
incorporate a relatively small validation set as the XGBoost model does not require a
detailed hyper-parameter tuning discussed in previous sections. The model was trained on
the training set, and the testing set was used for testing. To eliminate and minimize the
possibility of obtaining results due to randomness, we performed the train-test split using
10 different random seeds and aggregated the performance results.

From now on, we will call our survival variant XGBoost model DiscTimeSurvXGBoost
to emphasize we are using survival analysis as well as do prediction on discrete time points.
Due to the inherent transparency and interpretability of XGBoost, we present the top 20
most frequently selected features in the DiscTimeSurvXGBoost after feature set refinement
in Figure 6.1. These features align closely with the clinical variables that practitioners
regularly consider in transplant decision-making. As a result, the model’s outputs are not
only empirically robust but also clinically credible, strengthening its utility in real-world
medical contexts. Additionally, our predicting model and ranking score performance was
assessed using Root Mean Squared Error (RMSE) on uncensored data, time-dependent
AUC at various time points, and Harrell’s C-statistic [55] for the study period and at the
72-month post-transplant time point (the last discrete time point used in the customized
XGBoost model). Our model demonstrated superior performance across all evaluation
metrics compared to other benchmarks, including both clinical scores and machine learning
models.
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Top 20 Feature Importances Post Feature Selection
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Figure 6.1: Top 20 Most Frequently Used Features

6.1 Evaluating RMSE for Direct Survival Time Estima-
tion

Table 6.1 presents the RMSE in months for various survival models, considering only
uncensored data up to 72 months of follow-up. We computed the RMSE by comparing
each model’s estimated survival times to the observed event times. For our models, we use
our ranking score as the predicted survival time, for DeepSurv and Coxph methods, we
choose the time when the survival probability hits 0.5, and for DeepHit, we aggregate the
area under probability mass function (pmf) curve as the survival time.

While our DiscTimeSurvXGBoost model achieves a lower RMSE than the competing
approaches, the absolute values of these errors remain quite high, indicating that directly
predicting an exact survival time remains imprecise. Similarly, DeepHit, despite its con-
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Table 6.1: RMSE in Months of the Uncensored Data in Survival Models

Model Mean Std 95% CI
DeepHit 76.92 2.88 [74.74, 79.09]
CoxPH 35.52 0.36 [35.25, 35.8]
DeepSury 3424 030 [34.01, 34.01
DiscTimeSurvXGBoost

(before feature set refinement) 28.90 0.28 |[28.68, 29.11]
DiscTimeSurvXGBoost

(after feature set refinement) 2912 0.30 [28.89, 29.35]

ceptual advantages, did not translate into lower RMSE, in part because it aggregates
probabilities across multiple time points, introducing additional uncertainty and error
accumulation.

The persistently large RMSE values observed across all methods suggest that direct
survival time prediction, in absolute terms, is challenging and may not be the most reliable
or clinically useful goal. Given these findings, our focus shifts from aiming to predict exact
survival times to improving the discriminative capacity of the model. In other words, rather
than striving for precise time-to-event estimations, we emphasize the model’s ability to
rank donor-recipient pairs according to their relative survival prospects.

6.1.1 Evaluation Through Harrell’s C-statistic

To assess the discriminatory power of our ranking score, we calculated Harrell’s C-statistic
[25] for the entire study period (2009 to 2023) and censoring over the 72-month post-
transplant time point. The overall C-statistic evaluates how well our model distinguishes
between different survival times throughout the study duration. The results of the entire
study period are presented in Table 6.2 together with ML and clinical score baselines.

Before applying feature selection, our DiscTimeSurvXGBoost model demonstrated a
strong ability to differentiate between shorter and longer donor-recipient pair survival times,
achieving a C-index of 0.8601 with a 95% confidence interval (CI) of [0.8590,0.8610]. This
performance surpassed that of the best-performing baseline model, DeepSurv, which had a
C-index of 0.8500 (95% CI: [0.8480,0.8520]). After feature selection, the performance of
our DiscTimeSurvXGBoost model improved further, attaining a C-index of 0.8623 (95%
CI: [0.8610,0.8640]). Noticing the clinical scores, DMLD and BAR are at a much lower
precision level due to their simple expression.
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Table 6.2: C-Index between TX year of 2009-2019

Model Mean  Std 95% CI
DMELD 0.5174  0.0053 [0.513, 0.521]
Balance of Risk (BAR) 0.5261  0.0035 [0.523, 0.529]
Coxph 0.8435 0.0025  [0.842, 0.845]
DeepSurv 0.8500  0.0038  [0.848, 0.852]
DeepHit 0.8381  0.0040 [0.836, 0.840]
DiscTimeSurvXGBoost

(before feature set refinement) 0.8601 0.0023  {0.859, 0.861]
DiscTimeSurvXGBoost

0.8623 0.0026

(after feature set refinement)

[0.861, 0.864]

These findings indicate that our model not only outperforms existing benchmarks but
also benefits from feature selection, enhancing discrimination in predicting post-transplant

survival outcomes.

We also evaluated our model’s discrimination on dataset censoring over 72 months of
post-transplant graft survival. Unlike the evaluation of the entire data span, here we focused
solely on the discrimination among grafts that survived less than 72 months, censoring
those grafts that survived longer than 72 months. The results are shown in Table 6.3. Our
DiscTimeSurvXGBoost after the feature set refinement model also led the performance

among all models, achieving a C-index of 0.8407 (95% CI: [0.8390, 0.8420]).

These findings highlight the effectiveness of our model in predicting shorter-term survival
outcomes, reinforcing its potential utility in clinical decision-making for patients within

this critical time frame.
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Table 6.3: Performance C-Index between TX year of 2009-2019 on 72-months Survival
different models

Model Mean  Std 95% CI
DMELD 0.5180 0.0056  [0.514, 0.522]
Balance of Risk (BAR) 0.5281  0.0041 [0.525, 0.531]
Coxph 0.8388  0.0037  [0.836, 0.842]
DeepSurv 0.8442  0.0047  [0.841, 0.848]
DeepHit 0.7796  0.0330  [0.755, 0.805]
DiscTimeSurvXGBoost

(before feature set refinement) 08546 0.0037 [0.8352, 0.857]

DiscTimeSurvXGBoost

(after feature set refinement) 0.8559 0.0036 0.853, 0.859)]
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Table 6.4: AUC at 1-Year Post-Transplant

Model Mean AUC Std 95% CI
Coxph 0.7287 0.0121 [0.723, 0.734]
DeepSurv 0.7418 0.0129 [0.736, 0.748|
DiscTimeSurvXGBoost

(before feature set refinement) 0.7641 0.00900.760, 0.768]
DiscTimeSurvXGBoost

(after feature set refinement) 0.7687 0.0077 {0.765, 0.772]

6.1.2 Evaluation of Model Performance Using Time-Dependent
AUC and ROC

To evaluate and compare the predictive performance of the survival models at specific time
points, we calculated the time-dependent Area Under the Receiver Operating Characteristic
Curve (AUC) at 1-year, 3-year, and 5-year post-transplant periods. The time-dependent
AUC measures the ranking score/survival prediction’s ability to discriminate between
patients who experience the event (e.g., graft failure or death) by a certain time ¢ and
those who do not. Tables 6.4, 6.5, and 6.6 present the mean, standard deviation, and 95%
confidence intervals of time-dependent AUC for each model at 1-year, 3-year, and 5-year
post-transplant time points, respectively.

At the 1-year post-transplant time point (Table 6.4), our DiscTimeSurvXGBoost (after
feature set refinement) model achieved the highest mean AUC of 0.7687 (95% CI: [0.765,
0.772]), indicating superior discriminatory ability compared to other models. The Disc-
TimeSurvXGBoost (before feature set refinement) model also performed well with a mean
AUC of 0.7641, outperforming both the Coxph and DeepSurv, which had mean AUCs of
0.7287 and 0.7418, respectively.

At the 3-year post-transplant time point (Table 6.5), the DiscTimeSurvXGBoost (after
feature set refinement) model demonstrated the best performance with a mean AUC of 0.7942
(95% CI: [0.791, 0.797]). This result surpasses the DiscTimeSurvXGBoost (before feature
set refinement) model’s mean AUC of 0.7907 and significantly exceeds the performance of
Coxph (mean AUC: 0.7570) and DeepSurv (mean AUC: 0.7697).

At the 5-year post-transplant time point (Table 6.6), the DiscTimeSurvXGBoost (after
feature set refinement) model continued to lead with a mean AUC of 0.8065 (95% CI: [0.804,
0.809]), followed closely by the DiscTimeSurvXGBoost (before feature set refinement) model
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Table 6.5: AUC at 3-Year Post-Transplant

Model Mean AUC Std 95% CI
Coxph 0.7570 0.0092 [0.753, 0.761]
DeepSurv 0.7697 0.0096 [0.765, 0.774]
DiscTimeSurvXGBoost

(before feature set refinement) 0.7907 0.0076 [0.787, 0.794]
DiscTimeSurvXGBoost

(after feature set refinement) 0.7942 0.0067 {0791, 0.797]

with a mean AUC of 0.8033. Both models show substantial improvement over Coxph and
DeepSurv, which achieved mean AUCs of 0.7697 and 0.7828, respectively.

Table 6.6: AUC at 5-Year Post-Transplant

Model Mean AUC  Std 95% CI
Coxph 0.7697 0.0068  [0.766, 0.773]
DeepSurv 0.7828 0.0073  [0.779, 0.786]
DiscTimeSurvXGBoost

(before feature set refinement) 0.8033 0.0060 10.800, 0.806]

DiscTimeSurvXGBoost

(after feature set refinement) 0.8065 0.0053 [0.804, 0.809)]

Additionally, we present the receiver operating characteristic (ROC) curves at the
specified time points in Figure 6.2. Across all figures and time points, our two proposed
models—before and after feature refinement—consistently outperform the baseline models.

The time-dependent AUC and ROC curve results indicate that our DiscTimeSurvXG-
Boost (after feature set refinement) model outperforms both the traditional Coxph model
and the DeepSurv neural network model. Mathematically, a higher AUC(t) value implies a
greater probability that the model assigns a higher risk score to a patient who experiences
the event by time ¢ compared to a patient who does not. This indicates better discriminatory
power. The consistent improvement in AUC across different time points underscores the
robustness of our model in predicting survival outcomes over time.
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6.2 Evaluating Optimal Donors Selection Using Hyper-
geometric Test
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Figure 6.3: P-Values Distribution of Hypergeometric Test

To quantitatively assess whether the top 5% of donors selected by our ranking score differ
meaningfully from the top 5% selected by the BAR score, we employ the hypergeometric
test [22]. Our underlying hypothesis is that these two top-5% lists are not random samples
drawn from the same population. If the observed overlap between the two subsets is
considerably smaller than expected under a random sampling assumption, it indicates a
meaningful divergence in donor prioritization.

Formally, let N be the total number of donors, and let our method select a subset A
(the top 5% by our proposed ranking), and the BAR score selects a subset B (the top
5% by BAR) for a specific patient. We compute the intersection |A N B| and use the
hypergeometric test to calculate the probability of observing at least this amount of overlap
by chance alone.

We apply this procedure for every patient in the test set, comparing our top 5% donor
list against the BAR-based 5% donor list. For the entire test set patients, 99.8% of them
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have significant p-values on the difference between the two optimal donor lists. Consistently
low p-values across all patients confirm that our top 5% selection differs significantly from
BAR’s top 5%, implying that our ranking criteria identify a fundamentally distinct cohort
of suitable donors. Since our approach also achieves a higher C-index, these results suggest
that our method better aligns donor characteristics with recipient needs, thereby improving
patient selection. Figure 6.3 shows a histogram of the resulting p-values, highlighting the
non-random nature of our selected donor sets.

33



Chapter 7

Impact and Application of the Proposed
Framework

Along with validating the utility and accuracy of our proposed framework, we aim to provide
clinicians and other potential users with practical insight into how and when the scoring
system can be applied. In this chapter, we assess how the model performs across different
MELD strata, using concrete examples and empirical evaluation to illustrate scenarios in
which the method is best suited for patient evaluation. We also present a case study on
constructing optimal donor profiles for a given recipient, enabling clinicians to plan ahead
by identifying favorable donor characteristics even before an actual donor organ becomes
available.

7.1 Evaluating Model Performance in Different MELD
Group

Tables 7.1, 7.2, and 7.3 illustrate examples of the selection process of the best compatible
recipient for each donor across three different MELD score strata:

1. Low MELD Group (< 20): Recipients in this group have relatively low MELD
scores.

2. Medium MELD Group (20 < MELD < 30): Recipients have moderate MELD

scores.
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Table 7.1: An Example Illustration of the Recipient Selection Process Low MELD Group

D1 D2 D3 D4
R1 | 29.36 4] (51.93) 26.64 [3] 28.28 [4] 26.60 [4]
R2 35.12 [2] 37.42 [1] (33.93) 34.70 [2] 38.16 [2]
R3 21.57 |4] 21.99 (3] 21.87 |4] (14.20) 21.38 |4]
R4 33.03 [4] 34.81 [3] 30.52 [4] 34.00 [4] (24.53)
System Outputs: Selection of Recipient
R2 R2 R2 R2
Table 7.2: An Example Illustration of the Recipient Selection Process Medium MELD
Group
D1 D2 D3 D4
R1 | 49.26 [12| (16.80) 49.98 [12] 48.96 [13] 50.61 [12]
R2 30.97 [7] 33.56 [7] (15.90) 31.24 [8] 33.03 [7]
R3 32.54 [7] 33.75 [7] 33.99 (8] (64.17) 37.46 [7]
R4 35.07 [7] 35.85 [7] 35.37 [8] 37.19 (7] (42.07)
System Outputs: Selection of Recipient
R1 R1 R1 R1

3. High MELD Group (> 30): Recipients have high MELD scores, indicating more
severe illness and a greater need for transplant.

In each table, the rows (R1, R2, R3, R4) represent recipients and the columns (D1,
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Table 7.3: An Example Illustration of the Recipient Selection Process High MELD Group

D1 D2 D3 D4
R1 | 27.63 [18] 4.00 28.19 [20] 24.83 19| 28.97 [18]
R2 35.27 [18] 34.16 [20] 45.57 33.38 [19] 36.59 [18]
R3 33.82 14| 29.99 [16| 28.76 [15] (8.10) 34.16 |14]
R4 26.81 |14] 25.55 [16| 25.99 [15] 26.43 [14] (6.57)
System Outputs: Selection of Recipient
R2 R2 R2 R2

Table 7.4: C-Index of Our Ranking between TX year of 2009-2019 Censoring on 72-month
Survival on Different MELD Group

Model Mean Std 95% CI

Low MELD Group 0.8521 0.0091 [0.845, 0.859]
Medium MELD Group 0.8603 0.0100 [0.853, 0.868]
High MELD Group 0.8724 0.0093 [0.865, 0.879]

D2, D3, D4) represent donors. Recipient and donor with the same number represent that
they form a real transplant pair in the UNOS dataset. All such pairs are uncensored
(death observed) to give a more informative real survival time. Each cell shows our model’s
computed score as well as the corresponding BAR (Balance of Risk) score in red and, when
available, the real survival time in blue. After computing the scores for all recipients with
respect to a given donor, the system selects the recipient with the highest ranking score
as the top-ranked recipient, highlighted in yellow in the final row titled “System Outputs:
Selection of Recipient”.

From Table 7.1 (Low MELD Group) and Table 7.2 (Medium MELD Group), we observe
that our model’s selection does not closely align with what one might consider optimal
based on clinical intuition or standard scoring criteria. In other words, the model is not
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performing as strongly in these groups. One primary reason for this observation is the
limited number of patients in the dataset with low or medium MELD scores. The scarcity
of such examples makes it challenging for the model to learn patterns and predict outcomes
effectively in these strata.

In contrast, Table 7.3 (High MELD Group) shows that our score ranks better for
recipients with high MELD scores, suggesting that it can identify more suitable transplant
candidates in the range where patients are sicker, and data is more abundant.

To further quantify and understand these differences in performance, we present a
C-index analysis in Table 7.4. The result confirms our hypothesis made from the selection
tables: the model achieves better discrimination (higher C-index) in the high MELD group
while struggling more with low and medium MELD candidates. Therefore, clinicians should
consider our model as a prior method when dealing with sicker patients.
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7.2 Compute Average Donor Profile

t-SNE visualization of K-Prototypes Clusters
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Figure 7.1: t-SNE of Top Donor Profile Clusters

To enhance the clinical utility of our system, we aim not only to provide compatibility
scores for existing donor-recipient pairs but also to define an optimal donor profile profile
for each individual on the waiting list. By establishing such a reference profile, clinicians
can efficiently evaluate incoming donor organs against ideal donor characteristics for a
specific patient. As a result, when a new donor organ becomes available, clinicians can
rapidly identify which recipients’ optimal donor profile best matches the incoming donor,
supporting more informed and timely decision-making.

Specifically, we seek to characterize the top-performing donor types for any randomly
sampled recipient based on our ranking model. First, we compute our ranking score between
this recipient and every donor across the entire dataset, selecting the top 5% of the highest
donor candidates. This subset represents those donors who are most compatible or “ideal”
for the recipient, as assessed by our score. Once we have identified these top 5% donors,
we apply the K-Prototypes clustering algorithm to this subset to group these high-ranked
donors into three clusters, representing the best three donor prototypes.
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Table 7.5: Cluster 1 Donor Features (Mean and Std)

Feature Mean Std
HEMATOCRIT DON 31.58  6.51
SGOT_ DON 70.18 93.76
AGE_DON 28.76  6.91
COLD_ISCH 4.50 1.35

HGT CM DON CALC 181.06 6.96
WGT_KG_DON_CALC 107.00 15.77
BMI DON CALC 3270 4.96
CREAT DON 117 0.50

Table 7.6: Cluster 2 Donor Features (Mean and Std)

Feature Mean Std
HEMATOCRIT DON 29.64 6.59
SGOT_ DON 83.26 104.18
AGE_DON 24.61 5.67
COLD ISCH 4.09 1.31

HGT _CM_DON_CALC 181.66  5.99
WGT_KG_DON_CALC 8142 875
BMI_DON_CALC 2470  2.67
CREAT DON 1.09 041

7.2.1 Interpreting the Cluster Centers

The result of the K-Prototypes clustering is three clusters of top donors. Each cluster is
associated with a cluster center, representing an approximate “average profile” of donors
within that cluster. For instance, features such as age, weight, serum creatinine, or BMI
can offer insights into the typical clinical status or organ quality of donors in each group.
Alongside the mean values, standard deviations reveal how much variability exists for each
feature within a cluster. A low standard deviation suggests that most donors in that cluster
share similar values for that attribute, whereas a higher standard deviation indicates greater
heterogeneity.

Tables 7.5, 7.6, and 7.7 illustrate three optimal donor types for a given recipient, shown
in Table 7.8. We also perform a t-SNE (t-distributed stochastic neighbor embedding) [50]
analysis in Figure 7.1, providing a visualization of each cluster. Each cluster thus represents
a distinct optimal “average” donor type, to drive compatibility based on clinical priorities.
For instance, Table 7.7 might represent younger donors with a moderate BMI and lower
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Table 7.7: Cluster 3 Donor Features (Mean and Std)

Feature Mean Std
HEMATOCRIT DON 29.56 6.57
SGOT_ DON 317.73 520.68
AGE_DON 26.97 5.14
COLD_ISCH 3.88 1.27

HGT CM DON CALC 18252  5.70
WGT _KG_DON_CALC  94.85 17.39
BMI DON_CALC 28.54 5.5
CREAT DON 436  1.84

Table 7.8: Sampled Recipient Features

Feature Mean
INIT WGT_ KG 101.20
DISTANCE 66.00
BMI_ CALC 31.70
HGT CM_CALC 180.34
AGE 46.00

WGT KG_CALC 103.10
DAYSWAIT CHRON  7.00

cold ischemia time, whereas Table 7.5 might depict older donors who nonetheless have
favorable attributes such as ideal height or manageable serum creatinine levels. When
the sampled patient gets paired with any of the three optimal donor types, it will get an
estimated 252 months post-transplant draft survival time predicted by our system.

By examining these “average donor profiles” and estimated optimal survival times,
transplant teams and researchers can better understand how the model’s highest-ranked
donors group into particular phenotypes and expected survival outcomes. This will enable
more precise, swift organ allocation for patients on the waiting list.
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Chapter 8

Conclusion

In this study, we addressed the challenge of donor-recipient matching in liver transplan-
tation by developing a machine-learning-based framework that predicts post-transplant
survival probabilities and produces an interpretable compatibility score. We demonstrate
that our method provides more accurate and meaningful patient rankings through various
discriminative metrics than traditional approaches. Beyond conventional performance mea-
sures, we applied rigorous statistical tests to confirm that the top-ranked donors identified
by our model significantly differ from those prioritized by the existing scoring system.

In addition to strong predictive performance, we ensured that the model’s underlying
features were both statistically valid and clinically relevant, thereby enhancing transparency,
credibility, and eventual clinical utility. Notably, this work is among the first to propose an
“optimal donor profile” for each recipient, offering clinicians the ability to allocate patient-
specific ideal donors before the actual donor arrives. We also integrated our framework with
the MELD score, demonstrating particular utility for high-MELD patients who constitute
a large segment of the waitlist population.

Together, these contributions lay the foundation for more efficient and clinically in-
formed organ allocation strategies. This work paves the way for increasingly sophisticated,
transparent, and impactful decision-support tools in real clinical applications.

8.1 Future Work

There are several directions that could further enhance this transplant matching frame-
work. First, incorporating a ranking-based loss function into the survival objective may
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better capture the direct comparisons needed when ranking multiple candidates.

Second, leveraging longitudinal data for patients on the waitlist could yield more
accurate and dynamic predictions. Many clinical indicators evolve over time, and recurrent
or transformer-based models that process sequential measurements may reveal patterns
missed by a single snapshot.

In addition, our results do not reveal a significant difference among the three types of
optimal donor profiles in the examples we tested, both here and in our offline trials. Looking
ahead, rather than continuing to generate three donor types, it may be more effective to
produce a single donor profile while enhancing how we determine the optimal donor range.
Currently, we use a fixed 5% threshold for top donors; future efforts could instead rely on
expected survival time to guide the selection threshold more dynamically.

Finally, data limitations and concerns about privacy and fairness in the UNOS dataset
point to the value of privacy-preserving synthetic data generation. By releasing synthetic
datasets that mirror key statistical properties without exposing protected health information
or perpetuating disparities, more researchers can contribute to improving donor-recipient
matching without compromising patient confidentiality.
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Appendix A

Proof of Ranking Score as Survival Time
Lower bound

Since the survival function S (t) is non-increasing and satisfies 0 < S (t) <1, we can express
the expected survival time as:

Eﬁp:lmgwdhzlnmégyu+/m $(t) dt. (A1)

Since S(t) > 0 for all ¢, it follows that:

mﬂ>/ﬂmaoﬁ:A. (A2)

Thus, the area A under the predicted survival curve up to Tpay, the maximum possible
survival time, is a lower bound for the expected survival time E[T].

A.0.1 Discrete Approximation

Given that we have predictions at discrete time points, we can approximate A using
numerical integration methods, such as the left Riemann sum:

—_

Aspprox = Y S(ti) - (ts1 — ti). (A.3)

1

1

20



Since S (t) is non-increasing, this approximation underestimates the true area A:

Awporox < A < B[T). (A.4)

Therefore, Aapprox 18 also a lower bound for the expected survival time E[T]).
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Appendix B

Study Samples and Features Selection of
UNOS Dataset

In this section, we list all pipelines that are used to preprocess the samples and features of
the UNOS dataset.
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B.1

Workflow of Preprocessing Study Samples
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Figure B.1: Flow Chart of Processing Study Samples
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B.2

Workflow of Preprocessing Transplant Features
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Figure B.2: Flow Chart of Transplant Feature Selection
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B.3 Workflow of Deriving Final Study Features
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Figure B.3: Flowchart of the feature selection process Used to Derive the Final Study

Features
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