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Abstract

kgrdaumidevi ng Uni versal Headndh Hdcowetrne gme ( UH
ntries (LMICs) is jeopanrel ateddbyhotdbles camd ed
tseemse.s slonr swestern Province (WP), Zambia, a \
the Barotse Floodpl ain, progress toward UF
oding vaexasiomg amal pree@ges syuchndsgebowr Ap
riers to accessi nagr yanhde adttihl iczairneg seesrsve ncteisa l

the empirical evidence necessary to quant.
tine surveillance systems that currently |
ami ct moa@aessess the impact of shocks and str
ecfThivesdi ssertation develops and applies a
i rically evaluate access to and wutilizati

eavors to (1) define and measprl-gnidhdediamén
e conditions within the context of spatial
hodol ogy for generating population denomi
demi ol ogi cal me tnreirgs ;st (&) i gqpawctisf yoft eenvsy
|l l enges on servi ceec ounta sl yizcaameiwoor Kk hramdh( 4) n
tem resilience dynamically by forecasting
i ous shocks and stressors over time. Furthe
resentiygpal pcgl amiseas ment (Pabhbecadhi oamamo
optimize the current heal t hy ,f atcheriehbyy nied em
sting access gaps and redundancies within
ndation forstager dposmeedvomk! tdiesi gned t o gen
ategies by integyaticowmgtheahshdseyatiemns,apal
ds into (fRHhaseUlatnjamatselsy, thi s worlkasdd er s
mewor k aimed at strengthening health syste
at epgy,advh@enei ng the overarching objective

vul nerabl e popul ations.



Methods This dissertation, grounded in comprehensive research, comprises four empirical studies
in addition to a policy analysis. Study no. 1 employed a esestonal design utilizing geospatial
analysis of 220 health facilities (centres and posts) to assmEssdbrough metrics such as facility
density, population growth, travel durations, and personnel distribution. Study no. 2 introduced
and applied an innovative Spatially Defined Catchment Area and Population Under Rooftop
(SCSOPUR) methodology, leraging satellite data to establish denominators for 321 health
facilities, as exemplified in a malaria surveillance epidemiological case study spanning 2017 to
2024. Study no. 3 presented and quantifiedet@nosyndemiframework within an ecological
longitudinal study of 62 health centres and posts from 2017 to 2023, employing beta regression
and structural equation models (SEM) to analyze the interaction between flood exposure and health
system capacity concerning matal and child health, as well aserallgeneralutilization (i.e.,
outpatient visits)Study no. 4 utilized timseries forecasting and an Interrupted Time Series (ITS)
analysis on the same dataset to measure the dynamic effects of three distiné #he@®&19
drought, the 2021 COVIA9 pandemic, and the 2023 complex flood ek&min overall
utilization, namely outpatient visits. The Policy Brief, Preliminary Assessment (Phase 1),
employed a Set Covering Problem (SCP) model on the network of 321 facilities to optimize

geographic coverage and identify systemde efficiencies.

FindGeggraphic access constitutes a primary b
capita and estimated mean travel times rangi n
t he popul ati on (26. 4 %, exceednmdg tHhz22,V0r0 di nH
Organi zation' showercotmmawneale dt it e atlCe md rco magheh &I1Cs

PUR met hodol ogy has demonstrated feasibility i
elucidating previ aesroyr amlsicaur ad s paraittiiad s i n
econosyfmrdaemeiwcor k has been empirically wvalidat e

flood depths and health system stressors was
i ncludi ng drmAtN&@nnadt afl-la acsabrdet i r t hs. The I nterrup
analysis indicates that various shocks yield

patterns, ranging from i mmedi ate deell9)neand( dr

b Characterized byeak' unwheunal 'l dodwla¢ ers receded and t
deviating fr ometatke atnyhpiad a If | soiormdg Icey c | e .
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adual i eeovercioenpl)ex Lfalsdadddg, exdret heal th syst
covers significant spati al redundancy; spec
uld be theoretically achieved with only 46
ceptilngt itnmreasv eo f up to 7.5 hours;off heredabwe emnm

ficiency and equitable access.

ncl deien di ssertation provides a comprehens]
derstanding and strengtheni mgulhneearlatbhl es yssettet
monstrates that the adverse syneamgdsgdysct & mit
p-palnyd demamed stres®aecmo® 06 ytaehdaetensdcyansna mi cal | y anc
srupts access to and wutilization of essenti

fer sc-dlFrabkp, t ddatira efsorofmihmneial th to transiti

i deased planning. The findings provide a cl
silience for climate adpetcatiaen imeéguivreeas i b
degring vulnerabilities in infrastructure and

ssertati oAcckesywoarnddsClUit mati e atChamde o Admpt at ¢ o
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Pref ace

This dissertation was motivated by the ongoi ng

(UHC) in regions vulnerable to climate I mpact :
Western Province, Zambi a.acdut & hamsvisrean menngt,a lt hs
vari aseasnomal flooding, and persistent health

barriers that disproportionately affect rur al

was to memeaspepnpdlem description andi men sdieovred |o

empirical framework to measur e, model , and ul
essenti al heal th services.

To achieve this, the research is presented as
a concluding policy brief preliminary assessm

from problem identi fi catoiuornnetyo bae gpirnosp oi sne dC hsaoplt

by establishing a foundationalkciesmWesti eah| Br gv
Zambia, quantifying the profound geographic ar
rural amdurleamatoen.p Recogni zing that any deeper

gap, Chapter 3 (Study no. 2) Ohheodbpaes adl gyol
Catchment Area and PopdulUR)i onme tdhnodieord roRpaydifea balee (
popul ation denominators necessary for robust

empirical analysis and reporting.

With this new tool in hand, Chapter 4 (Study no. 3) proposes and empirically tests a novel
theoretical framework | term theconosyndemjoquantifying for the first timé the adverse
synergistic interaction between climate shocks and health system stressors. The subsequent
chapter, Chapter 5 (Study no. 4), introduces a dynamic temporal dimension by applying advanced
time-series and interruptl timeseries analyses to assess the health system's distinct responses to
various reaworld shocks, thereby providina nuanced perspective on its resilience. Ultimately,

the dissertation concludes with Chapter 6 (Policy Brief: Preliminary Assessment), which integrates



the evidence from all prior studies to develop a forwlaaking health system optimization model,

translating complex research findings into a practical and actionable framework for policymakers.

Methodologically, this work aims to contribute by integrating a diverse array of techdifpoes

geospatial analysis and satellite data processing to advanced econometrics and operations research.
Importantly, this research was conceived not merely asaaeaic exercise but as a project with

direct policy relevance. | hope that the frameworks, methods, and findings presented herein offer
valuable tools and evidence to the Zambian Ministry of Health and other global health stakeholders
engaged in developgnmore resilient and equitable health systems amidst the challenges posed by

climate change and internal health system stressors



Chapter 1

| nt roducti1l on

1.Gl obanlper bRevsel He albtyls t e ms

The pursuit of Universal Health Coverage (UHC), a fundamental component of the Sustainable
Development Goals (SDGs), signifies a worldwide commitment to ensuring that all individuals
have access to essential health services without incurring financiahh@td This aspirational
objective relies on the presence of robust, equitable, and responsive health systems capable of
addressing the diverse needs of their populafiorf$onetheless, in recent decades, progress
towards this vital goal has been increasingly threatened by a convergence of complex and often
intersecting crises that reveal the profound vulnerabilities of health systems globally, particularly
within low- and bwermiddle-income countries (LMICs).These threats are multifaceted; they
appear as both acute shogksudden, largscale events such as the COVID pandemic or
extreme weather evedtsand chronic stressors, which include lestgnding, corrosive challenges

such as inadequate infrastructusystemic workforce shortages, fragile supply chains, and

substantial geographic and financial obstacles to accessing essential health %&fvices.

Recent global health crises have repeatedly demonstrated the stark reality of health system
vulnerability. The 20142016 Ebola outbreak in West Africa served as a devastating reminder of
how a single pathogenic threat can overwhelm fragile health syskeasng to catastrophic
consequences that extend far beyond the direct mortality of the virus' $&k. collapse of

routine health services resulted in a secondary wave of excess mortality from untreated conditions
like malaria, HIV, and maternal complications, revealing how fragile governance and underfunded
public health capacity can cripple a systeability to perform its most essential functidndhe

COVID-19 pandemic scaled this lesson to a global level, demonstrating that eveesealced



health systems in higincome countries were iffrepared to manage the simultaneous pressures

of a novel pathogen, severe supply chain disruptions, a strained workforce, and the uninterrupted
needs of patients with chronic condition&These events, shocks and stressors have made it
unequivocally clear that a health systemds st

under stable conditions, but by its capacity to function under constraint.*

Climatechangehas become a significant and widespread threat multiplier amid these challénges.
It is a gradual yet escalating force that induces new acute shecké as increased frequency
and severity of floods, droughts, and heatwévasd worsens existing chronic stressors, for
example, by changing the geographic distribution of vemtone digases and endangering food
and water security®The World Health Organization (WHQ) has officially acknowledged this
issue by establishing an operational framework aimed at developing ehesdient and low
carbon health systems, which underscores the importance of incorporating climate adapdation i
routine health plannin§/This global agenda, further institutionalized through initiatives such as
the Alliance for Transformative Action on Climate and Health (ATACH), redefines the resilience
mandate, calling for a transition from episodic crisis management to an ongoingcappfoa

addressing the "everyday" stressors intensified by climate ch&ide.

In response to this complex and converging threat landscape, health system resilience has
transitioned from an aspirational concept to a central organizing principle within global health
policy and practicé.® '23Although definitions differ, a consensus has emerged that characterizes
resilience as a dynamic attribute. It is broadly recognized as the capacity of health system actors,
institutions, and populations to effectively prepare for, absorb, adapt to,tandtely transform

in the face of crises, while maintaining essential functions and fostering learning for future
improvement ! : PHis perspective advances beyond the simplistic notion of "bouncing back" to a

pre-crisis state, instead emphasizing an ongoing process of learning and development.

Leading conceptual frameworks have further refined this definition. Blanchet and colleagues
(2017) introduced a governanodented model that delineates three core capacities: absorptive
capacity, defined as the ability to withstand shocks using existgmurces and buffers without

significant system change; adaptive capacity, the capacity to make proactive adjustments to



processes and reallocate resources in response to a changing environment; and transformative
capacity, which refers to the fundamental reconfiguration of system structures, functions, and
feedback loops in response to recurring or extreme stres3amis. tiered framework underscores

that resilience is not a singular attribute but a collection of nested capabilities that function across

different scales and temporal horizons.

Furthermore, researchers have increasingly viewed health systems as complex adaptive systems,
where resilience is an emerging property rather than a deliberately designed dutddrise.
perspective is important because it shifts the focus to the system's natural capacity to learn and
reorganize. The most influential frameworks divide this capacity into three key capabilities:
absorptive capacity, which involves withstanding shockmau existing resources; adaptive
capacity, the ability to proactively adjust processes and reallocate resources; and transformative
capacity, the ability to fundamentally reconfigure system structures in response to major
stressord.? This dissertation is fundamentally an empirical investigation of climate change
adaptation through the framework of these capacities. While all three are relevant, the research
primarily focuses on measuring the outcomes of the health system's adap#eigycdt aims to
answer: When faced with a recurring climate shock like flooding and a chronic stressor such as
low health facility density, how does the system adapt its service delivery? And what are the effects
of that adaptation on the population?eT$ubsequent studies do not merely describe the shocks
and stressors; they quantify the effects of the system's adaptive regpomstber successful or

notd using the measurable indicator of health service utilization.

Notwithstanding this conceptual richness, quantifying resilience remains a considerable challenge.
A systematic review conducted by Biddle and colleagues (2020) identified a rapid proliferation in
resilience research, yet highlighted the absence of stiimddrindicators and methodologies.

There exists a persistent risk that resilience metrics may merely serve as proxies for system
robustness in stable conditions, thereby failing to encapsulate the dynamic performance under
stress, which constitutes the core of the concept. Furthermoilesnies is not a valua@eutral
construct; its pursuit must be inherently aligned with the objectives of equity, trust, and

accountability to ensure that the most vulnerable populations are not disadvantaged durit§ crises.



This dissertation is positioned firmly within the global context. It undertakes the challenge of
empirically examining these intricate dynamics in WP, Zathladowermiddle-income country
striving for UHC while confronting a formidable combination of climegéated shocks and
chronic health system stressors. Concentrating on lived experiences within a single, highly
vulnerable region, this dissertation comprises a series of researcls shati@im to transcend
broad conceptualizations and offer a dethilgquantitative comprehension of how resilience

manifest® or fails to manifest at the forefront of delivery of essential health services.

1. Conceptual and Theoretical

To thoroughly il nvestigate t he compl ex I nt er |

performance under conditions of stpweslsi,c ihealst

model s that typically examine risk factors i
capturing the dynamic and interactive nature
such as WP, Zambi a. Consequmnentltyheotrleits cdl s$ et

explicitly integreataecst icoonmp lbeexgiitnynianngd wiint h synd

through an i nnovative, guantitatively testabl
The syndemic framewor k, initially conceptual |
presents a compel [2%n ¢ yanldteemw rca tiisv ea pcaormebbd ingam.i o n
and '"epidemic,"' formul ated to describe the ir
health conditions within a particular popul ar
exceedseddatee agfgrt hei r°®iTrheki vtihdewaly iimp aucntdse.r pi nr
principles: the clustering of multiple diseas
among these conditions, which may be biologic
t hat t hese idhdlegtacrtiioms are primarily driven
poverty, inequali Yy 2Bhdeditrectiumalemphdeing efr
to the overarching social and structur al det
theory offers an essenti al p’r spective for an



Buil ding upon this foundation, this dissertat:
contri betoaops yfborbdaemeiwo r k . This framework extenct
traditional f-1 oecvuesks pocnb &l bn dii nvtiedruaadt i ons (e. g. , S |
HI'V) to -t eeebybsheer pltHay ede tswheoechkesmeacnrds tmi essrsoo r s

Chapt erechd)n.osAimsdedreifci ned by the adverse synerg

mac-r ev el coali &a$ oabki-ifmsduec eech afnlgeeodi n g, pandemic
geopolitics) alnedvellochaelailztend,s ynsitcerno condsitde ns,
stressors (e.g., l ow facili-tgaidrendi $ scu mtgioa rk,f
constraintsjdendtdemaonds (e.g., | ong travel t
framework hypothesizes that the i mpact of a s
health service utilipgmreexiiosnt iinsg ccoanpdaictiitoyn aaln du psol
health system, producing spatially and tempor

1. Zyhdemro®@ual itative Concept to Quant.i

A primary critique of the broader syndemics |

conceptually compelling, has often been descri
a |limited amount of 3fi@waonryo tlesard wa mtuiatnatiitvae itvees t
a "sum score"” or "syndemic ioadexheapgrhoazomdiw

experienced by an?3% AP H adwaH tise sas mantau cekides cor
a higher score was I|linked to worse health out
effect of mujditti pledircaked agat st song associatio

statistical €é%¥idence of synergy.

A core contribution of this dissertation is t
the additive -one@asmuriemg nhealft coconditions to th

synergistic effects t hrAonugaddsittaitviestriecladt iionntseh

¢ While Singer's framework did not specify statistical
testing for effect modification. I n this context, the
the combineflaetbest i gaf siwmply the sum of their indivioc

assessing for a multiplicative effect, which is typic
a regression model .rm, sagnfidurcdnnitn imureraarcaliyosni-s,e pr ov i
additive, syndrregficct atee ered a3 i amd hd p
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del, this would be represented as:

eies the health owtacnddmeer eo ft hientperreecsitc,t carndv ar i
nditions Tri sritshlk Ifiaditarce)pthe regression coe

edi cpiosr ,t haender ror t er m.

this additive modethetthest abfvaysgaf df assonpnf

f@ttorcontrast, synergy implies an interac
mbi ned effect is greater than the sum of it
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Chapter 3).

1l RBesearch Setting: Western

The theoretical framework of this dissertation is empirically grounded in the unique context of
Western Province (WP), Zambia. The Republic of Zambia (Zambia) is a landlocked southern
African nation with a 2022 census estimated population of 19.6 milidraanational poverty rate

of 60.0%° ° - Administratively divided into 10 provinces and 117 districts, Zambia is an LMIC
striving to achieve UHC through financing reforms, yet its health expenditure remains modest,
projected at 6.34% of GDP for 20%fgure 1.1)° 2
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Western Province, the largest province by area and historically recognized as Barotseland,
exemplifies the intersecting challenges confronting many rural health sys#stgeography and
ecology are predominantly characterized by the Barotse Floodplain, an extensive wetland of the
upper Zambezi River. This landscape is dynamic rather than static, exhibiting a hydrological
system with significant seasonal inundation tteat exceed 10,000 square kilometers, effectively
transforming terrestrial regions into expansive inland seas and isolating entire communities for
extended periods#The annual flood cycle serves as a recurrent, cliingigced environmental

disturbance that fundamentally influences the lives and livelihoods of the local popéifation.

The sociedemographic profile of WP is characterized by its extensive geographical coverage and
predominantly rural setting®With an estimated population of 1.36 million distributed across 16
administrative districts, it ranks among the regions with the lowest population densities
nationally? ° - > Nobably, more than 80% of this population resides in rural and remote areas,
frequently inhabiting small, scattered settlements where walking constitutes the principal mode of
transportatior?. °This circumstance renders geographic distance a significant chronic stressor and

a primary obstacle to accessing healthcare services.

The healthcare infrastructure in Zambia is organized into a hierarchical system, with primary care
services provided via a network of Health Centres that deliver comprehensive primary health
services, and smaller Health Posts that offer fundamentalitirahd basic primary cafe’ - >As >’

of 2024, there were 344 such facilities operational in the Western Prévind&8netheless, this
network is under considerable strain. As demonstrated in Study 1, the province suffers from a low
density of health facilities, a challenge expected to intensify as population growth surpasses
infrastructure development (refer to Chagter Although WHO recommends that travel time to
essential health services should not exceed two hours, the average unimpeded walking time from
a community centre to the nearest health facility in WP ranges between 6 and 13 hours,

significantly exceedinghis global standard (refer to Chapter*2). 6 °

Western Province was selected as the study setting for several compelling reasons. Firstly,
Zambia's dedication to UHC requires an empirically grounded comprehension of the obstacles to

service utilization. Secondly, the province's pronounced rurality dapeendence on walking



render it an illustrative case study for the effects of geographical access barriers. Lastly, the
predictable yet fluctuating characteristics of the Barotse Floodplain offer a natural experiment for
exploring the interplay between a recurring climate stauk the chronic stressors faced by an

underresourced health system.

For the people of WP, these challenges are not merely abstract, -$ygtéiissues; rather, they
manifest as tangible, lifaltering realities. For a pregnant woman in a remote village, an
impassable flooded plain may separate her from a qualified hitehdant, transforming a
manageable risk into a potential tragedy. Similarly, for a child suffering from a severe fever, the
distance to the nearest clinic can determine whether timely treatment for malaria is administered

or a lifethreatening delay occsirlt is within this complex interplay of a dynamic environmental

shock and the persistent stressors of distance, poverty, and an overwhelmed healthcare system that

theeconosyndemidiscussed in this dissertation is situated.

1. DMata Sources and Met hodol

The empirical analyses that constitute the foundation of this dissertation are facilitated through the
integration of multiple, diverse data sources, each contributing a vital component to the overall
understanding. The methodological approach is chaizetkeby its amalgamation of these
datasets to address notable data challenges and to enable a refined, peguljlaied

examination of health service utilization.

The primary source of data on health service utilization is Zambia's national Routine Health
Information System (RHIS), specifically the Health Management Information System (HMIS),
which operates on the District Health Information System 2 (DHIS2) ptaffdf The HMIS

serves as an essential tool for ddtewen planning and resource allocation within Zambia,
providing monthly, facilitylevel data for a broad range of health servfcesPhis dataset supplies

the fundamental numerators for the utilization metrics examined in this dissertation. Nonetheless,
similar to many systems in LMICs, it encounters limitations, including issues related to data
guality, completeness, and, most notalthe lack of reliable population data for the catchment

areas served by each facilfty.'®2

O



To construct the requisite population denominators and to model the geographic and
environmental context, this research utilizes several other key sources. Geospatial and population
data include the official Zambia Master Facility List (MFL) for healthiliigclocations and
characteristics; official catchment population totals obtained from the Central Statistical Office
(CSO); and, critically, higiiesolution, satellitelerived gridded population estimates from Meta's
High Resolution Settlement Layers (8R).°> 8 '7%The HRSL data offer granular, disaggregated
demographic counts at the level of individual rooftop structUPg#timately, environmental data
concerning the primary environmenttocld floodingd were derived from the outputs of the
LISFLOOD-FP hydrodynamic inundation model, which provides monthly estimates of floodwater

depth across the study region (refer to Chapté3)! 7

1. Dehominator Challenge and Sol uti on

A fundamental challenge in leveraging RHIS data for robust epidemiological analysis is the

"denominator problem.” Without accurate, localized, and demographically disaggregated

population data for each health facility's catchment area, it is impossimevie beyond simple

case counts to calculate service utilization rates or proportions. This limitation severely hampers
the ability to make meaningful comparisons across facilities or over time and can mask significant

underlying inequities in access andhle outcomes (refer to Chapter 3).

This dissertation introduces a core methodological innovation developed in Stud§ tie 2
Spatially Defined Catchment Area and Population Under Rooftop (S&13R) methodology to
address this critical gap. This novel approach resolves the denominat@nprioplintegrating
disparate data sources. It employs an iterative, proxibased algorithm to assign the granular,
demographicallydisaggregated HRSL rooftop populations to their nearest health facilities,
constrained by the official total catchment plapion provided by the CSO. Consequently, this
results in the creation of a unique, spatially explicit, and demographically detailed catchment area
for each health facility within the province, thereby providing the reliable denominators essential

for all subsequent analyses and epidemiological metrics (refer to Chapter 3).



1. Lrd@dportion Centrality

The successful generation of reliable denominators is not merely a technical exercise; it constitutes
a critical methodological step that enables more sophisticated and equitable analysis. By
addressing the denominator issue, the analyses in this disseda able to transcend basic and

potentially misleading counts of patient visits or disease cases. Instead, the principal metric

employed throughout this research is the proportion.

Proportion§ a fundamental element of contemporary epidemiddogifer numerous
advantage$® “They provide a standardized, populatadjusted metric that enables valid and
meaningful comparisons of health service utilization across diverse geographic regions (which
may possess significantly different population sizes) and across various tepgoods (as
populations expand and evolve). This is crucial for accurately identifyingrisgpopulations,
monitoring temporal trends, and assessing the true impact of interventions and®stideks.
specific utilization outcomes examined as proportions throughout this dissertation include key
indicators for malaria (for both the general population and children under five), maternal and child
health (proportions of antenatal care visits and tgeilased births among women of reproductive
age), and general utilization (the proportion of the population engaging in outpatient visits). This
approach ensures that the findings are robust, comparable, and directly pertinent to the equitable

distributionof public health resources.

1.6 ssertati on Overview

The preceding sections have established the global context of health system resilience, the
theoretical and methodological foundations of this research, and the specifiesoloigical and
health system challenges present in WP, Zambia. This confluefacars gives rise to the central

problem that this dissertation seeks to address.



1. Prbbl em Statement

The interaction between recurrent environmental shocks, exemplified by the annual flooding of
the Barotse Floodplain, and the chronic-exésting stressors of the health system in WP, Zambia,
produces aneconosyndemidhat disrupts the utilization of essential health services. Such
disruption undermines progress toward UHC and endangers the mitigation of existing health
disparities. Nonetheless, the dynamic, synergistic, and geographically heterogeneous nature of this
relationship remains insufficiently understood and has not been empirically quantified, thereby
creating a significant gap in the evidence necessary to develop effective, -Spatekc

interventions aimed at constructing a more resilient health system.

1. Dwv2rarching Research Objective

The primary aim of this dissertation is to empirically examine and quantifgdbeosyndemic
impacting health service utilization in WP, Zambia, with the purpose of informing the development

of a more resilient and equitable health system.

1. i 3 s erCoantcieghtia p a |

To visually articulate the structure and intellectual scope of this research, a concepioad co
network diagram is presented as Figurg. IThis diagram serves as a map for the entire
dissertation, delineating the interrelations among the core concepts, contextual factors, specific
topics, and methodologies that underpin the five constituent studies (i.e., Studypnolhke
network was costructed from a corpus of key terms identified across the dissertation, with the
spatial arrangement of the nodestedmined by a foredirected algorithm that places highly

interconnected concepts in closer proximity.

The thematic groups, represented by colour, exemplify the interdisciplinary nature of the
dissertation: Core Concepts (blue) suchHasmlth System Resilien@nd Access & Utilization
constitute the fundamental pillars; Contextual Factors (purpledlkeate Change Adaptation

andSyndemic Theonyffer the broader theoretical perspective; Specific Topics (yellow) including



Malaria, Maternal & Child Health andGeneral Utilizationsignify the primary health outcomes

and research areas; and Methodologies (green) susbaspatial AnalysisStructural Equation
Modelling, andTime Series Forecastinmdicate some of the analytical techniques employed. The
size of each node reflects its centrality within the network, with larger nodes representing the
principal conceptual hubs. This figure visually emphasizes the integration of health systems
sciencewith climate adaptation, adwaed quantitative methods, and syndemic theory within the

dissertation to address the complex public health challenges in WP,aZambi



Conceptual Co-Word Network of Dissertation Themes
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Figure 1.2 Conceptuahetwork ofdissertatiorthemes. This figure offers a visual representation of the dissertation's conceptual framework via a
co-word network analysis. The network delineates the interrelations among core concepts, contextual factors, specifid toptbsdatogies

that underpirthis research. It was assembled from a corpus of key terms identified within the dissertation's abstracts and keyaairddist. E

is depicted as a noderepresented by a coloaoded circlé and the relationships between them are illustrated by edgempecting lines.

The spatial configuration of the nodes was determined using the FruchiBrexann gfodl)d | (ady o u t a Hdgeotedinmodelnthat a f or c e
positions highly interconnected nodes in closer proximity, thereby elucidating the underlying structure of the conceptuatkra he visual
attributes of the nodes convey specific information: colouicatds the thematic group to which each concept belongs. These thematic groups
encompass Core Concepts (the central pillars of the research), Dahteactors (influencing conditions and theories), Specific Topics (the
primary subjects of investigation), and Methodologies (the analytical approaches employed). The size of each nodevithritslatedrality
specifically, degre@ indicating its réative significance within the network. Larger nodes, such as "Health System Resilience" and "Access and
Utilization," signify the principal conceptual hubs of the dissertation. This figure underscores the interdisciplinagf tauesearch, visually
connecting health systems science with climate adaptation, geospatial analysis, and syndemic theory to address iicthieaféhpehallenges

in Western Province, Zambia.



1 . Summary of Constituent St

To address the overarching research objective, this dissertation comprises five distinct yet
interconnected studies, each designed to build upon the previous, collectively establishing a
comprehensive empirical narrative. Spanning theoretical framing,ooh@thgical innovation,

guantitative analysis, and policy application, each study addresses a specific objective that

contributes to the overarching aim of the dissertation.
1. &€hhhpter 2: Co(@®¢tepty) afo. Adcess

The objective of this foundational study is to empirically evaluate the concept of access as a critical
dimension of UHC within the specific context of WP. This study synthesizes the complex
theoretical literature on access into a unified framework andesuiently employs a cress
sectional survey and analysis of health facility data to identify and quantify key explanatory
variables that represent chronic sup@nd demandide stressors. By examining health facility
density, travel times, and the distitton of highly qualified personnel, and projecting these
metrics against population growth, this chapter establishes the baseline of systemic stress, thereby
revealing a concerning trend of declining facilities per capita that paves the way for alusutbseq

analyses.
1. &€hapter 3: Proportions (Study no. 2)

The objective of this methodological study is to develop and apply a novel approach to address the
fundamental "denominator problem" that plagues routine health information systems in many
LMICs. This chapter introduces tigpatially Defined Catchment Area and Population Under
Rooftop SCSOGPUR) methodology, an innovative technique that integrates sateditged
population data with official health system records to create reliable, demographically
disaggregated population denominators for individuallthefacility catchment areas. Using

malaria surveillance as a case study, this research demonstrates the feasibility and value of the

U



methodology, providing the essential tool needed to calculate the popwdjimted proportions

that are the core outcome metric for the dissertation.

1. &€haApter 4: Adverse I nteractions (Stuc

The objective of this core empirical chapter is to formally test the dissertation's central hypothesis
by quantifying the proposedconosyndemicThis study employs an ecological longitudinal
analysis of maternal health (i.e., antenatal care), child health (i.e., births), and general utilization
(i.e., outpatient visits) of firdevel (i.e., primary health care) health services to investigate the
adverse synergistic interactions between seasonal flooding (the shock) and health system capacity
(the stressgr Through the application of beta regression with interaction terms and structural
equation modelling, this chapter provides the first quantitative evidence etdnesyndemim
operation, demonstrating that the impact of climate shocks on health service utilization is not

uniform but is significantly conditioned by underlying, faesting health system vulnerabilities.

1. &€€hapter 5: Forecasting Utilization (S

The objective of this study is to incorporate a dynamic, temporal dimension into the analysis by
forecasting health service utilization and evaluating the impacts of shocks over time. This chapter
employs a multmodel econometric approach, initially benwdrking several timseries
model® including autoregressive integrated moving average (ARIMA), seasonal ARIMA,
Exponential Smoothing (ETS or Error, Trend, Seasonality), and Pibpbetscertain the most
accurate forecasting method. A Hierarchical Time €e(HTS) analysis is utilized to examine
spatial disparities in WP. Subsequently, Interrupted Time Series (ITS) analysis is applied to
guantify the specificjnferential effects of three distinct shoaksa drought, the COVIEL9
pandemic, and a complex flood ev@nbn service utilization. The findings provide a detailed,
datadriven understanding of health system resilience, demonstrating how the system responds

variably to different types of disruptions.

€ Characterized byeak' unwheual fl dodwlae ers receded and t
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1. &€hapter 6: Policy Brief Health Syster

The objective of this comprehensive translational study is to convert the cumulative empirical
findings of the dissertation into actionable policy recommendations. It is organized into a Phase |
Policy Brief and a Phase Il Future Research segment. Thigdechamploys a locatieallocation
framework, specifically a Set Covering Problem (SCP), to evaluate the geographic efficiency of
the existing health facility network within WP. By identifying the minimum number of facilities
required to ensure universagulation coverage under various travel time constraints, the analysis
provides insight into spatial redundancies and access deficiencies. The culmination of this work is
the development of a mulstage Health System Optimization (HSO) framework, desigoed
guide strategic investment decisions, reduce inequadihdsinequitiesand enhance population
access to comprehensive primary cditee Phase Il Future Research section lays the groundwork

for a potential external funding application, which is efabed in Chapter 6.

1.0/ ssertation Contributions

1. Urgency and Significance

This dissertation is presented at a critical juncture for global health. The research responds directly
to an urgent need, situated at the convergence of three defining forces of our time: the accelerating
and palpable impacts of climate change on vulderabmmunities; the renewed global focus on
health system preparedness and resilience in aG@%iD-19 world; and the final, decisive push

to achieve the ambitious targets of the SB&s8By addressing the complex interplay of these
forces within a single, deeply contextualized case study, this work seeks to make a significant and

multifaceted contribution to theory, methodology, and policy.
1. Ked Contributions for Stakehol ders

The significance of this dissertation lies in its four primary contributions, each targeted to a specific

audience within the broader global health landscape:



For Health Systems TheoristsThis dissertation introduces and, for the first time, empirically
validates theeconosyndemidramework. This innovative model offers a new, quantifiable
perspective for analyzing the complex, synergistic interaction betweenrsleatgeeenvironmental
shocks and chronic, localized health system stressors. By moving beyond linearcairsgle
analyes, it provides a more robust theoretical foundation for understanding health system

performance and fragility in the Anthropocene.

For Global Health Methodologists and Data Scientist3 his research presents the SCBOR
methodology, a novel and scalable solution to the enduring "denominator problem” that has
historically constrained the analytical capabilities of routine health data in LMICs. This
methodological advancement enhancespbtential for more sophisticated, populatajusted,

and equitable analysis of health service utilization, providing a replicable instrument that can be

adapted to various other contexts.

For Climate and Health ResearchersThese studiesoffer some of the initial quantitative,
longitudinal data from a vulnerable African context regarding the specific ways in which climate
shocks and persistent system stressors interfere with vital health services. By elucidating intricate,
geographically diverse patterns of disruption and resilience, the findings advance the
understanding from merely illustrating that climate change affects health to elucidating how these

effects are mediated by the capacity of the underlying health system.

For Zambian Policymakers and Global Health Practitioners This dissertation translates
complex empirical findings into an actionable Health System Optimization (HSO) framework.
This is not merely an academic exercise; it is a-ddaten roadmap designed to guide tangible
policy decisions. It provides the evidenbase for strategic investments in health infrastructure
that can simultaneously improve efficiency, enhance equity, and build a more alasidient

health system ilWVP and, by extension, in sitar settings across the globe.



1. Pa3 h Forward and Dissertation Structt

Ultimately, this dissertation constructs a comprehensive, evidmsrd narrative that traces the
complete trajectory of the research proéesscompassing theoretical conceptualization,
methodological innovation, rigorous empirical testing, and directyalpplication. It aims not

only to diagnose a complex problem but alsertbancehe analytical tools and empirical insights
necessary for the development of solutions. The structure of this work is designed to guide the
reader logically through this pcess. Following this introductory chapter, the dissertation proceeds
as follows: Chapters 2 through 6 present the five constituent studies-esrgalhed manuscripts,

each addressing its specific research objective. Chapter 7 offers a comprehensssatisand
synthesis, integrating the key findings from all five studies to articulate the overarching
contribution to knowledge, examine broader policy implications, and delineate a clear agenda for

future research.

1. Boncluding Remar ks

This dissertation presents a distinctive and innovative examination of the intricate relationship
between environmental shocks and vulnerabilities within health systems in a rural, -climate
sensitive setting. It advances beyond conventional siiagter aralyses to offer a comprehensive,
guantitative understanding of how these adverse, synergistic interéctiefiesred to here as the
econosyndemdt generate geographically variable patterns of disruption and resilience. By
initially addressing fundamental nheidological challenges and subsequently employing a-multi
model approach, this research bridges the divide between theoretical frameworks and empirical

evidence.

1 . Porward

The content herein is not solely an academic endeavour but also furnishes compelling evidence
supporting a paradigm shift towards ddtaven, contexspecific strategies intended to enhance

local health system capacity. The findings illustrate that éffeaiterventions must be customized



to concurrently address both acute shocks and ongoing stressors. Ultimately, this dissertation
contends that the pursuit of UHC in an era marked by climate uncertainty necessitates a profound

commitment to establishing the measurable, proactive, and ggnuasilient health systems that
the future of WP, Zambia, demands.
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e different activities orrelaactteodr St°eicevndli voegdy
mi tation of the technology framework is tha



time, which are highly -setlevandi d@maonddonsi desi
remote conmomeimddmeant ofses (LI C

Sever al authors have <criticized the current <c
theoretical, and aBséWwé‘®af mempisicahgehéedenbke

devel oping a uni fied and comprehensi ve fram

behavioural, health systems, and technol ogical

cresussting cdmpddedt $ handi men dii plilsg .of The agreo mm

uni fied theoretical framework of approaches at

The o
used
focus
Zambi
consi
wher e
ut il
c ommu
are |
fl ood
profo

ser vi

bjective of the present study was to inv

t

©O S5 N

c

o empirically evaluate the components o
on the health systems &apprchaoactk. WEst ach
, Africa, as the study setting. Western
ered blelf(rreec |2a0s2s3i faise dai idm | 2023 i so st owei n.
operati onarpizralt @ sotntd y lemdia rr etsammchi ng of t he
ation of essential health care services,;
ities where the primary mode oFr dviarved I
cated in and adjacent to the Barotse FI c
ng due, in part, to the i mpact of <cl i ma
nd and negativeéeizampiaechn oh essestsi alndha

es, resulting in an increase in the bur



Concept of Access Approaches

Behavioral Health Systems# Technological
Individual (e.g., Predisposing, Enabling, lliness Level) -
Socioeconomic (e.g., Perceive, Seek, Reach, Engage)
: Supply- and Demand-side
Effective (‘Realized’) Approachability, Accommodation, Appropriateness Qualitative
Efficient (‘Satisfaction’) : Acceptability (‘Adoption’), Availability, Affordability, Architecture

|:| Health Behaviors l:l Social Determinants D Measures |:| Conditions L

Cross-Cutting Components T

T - Temporal sequence of events | § - Spatial distribution of events

Fi gt uni fied
cutting

of

t he

c 0 mp o haenndt sd.e iTaheed csaurpdiltyi ons are to be considencédei puthesepat.i

present

theoretical framework for the concept of aceess. The

study was to investi gactuet ttihneg Heoamptohn ehytsst.e ms

approach

f

I
a
c



2. MBet hods

2. Bty ting

Western Province, one of 10 provinces of Zamb
based on the 2023 census, t her e .!Whapsp raonx i emsattierhe
80. 6% of people lIlive i n remote communities wh
barriers, including 4 t'Pravedghdifsitmarcei nagn dr etfiome

heal thcare system ai ms t o-madhlilhneevoemeU HQG;t | lonw e vZe

health expenditure in 2024.'%?s expected to be
The infrastructure of the Zambian health syst
Health Centres, and Health Posts. Responsi bl e

Centres provide primary carce,f iwhsitl eaiHe aalntdh sRoo
ser WifHeeasl t h facilities in each district are ma
di strict health information officer (DHI O) op
2023, there were a total o 6 3Ai0s threiad ttsh if m cWd si 1
For the present study, 11 of the 16 districts
di stribution of the popul ati on, proximity to

flooding.

2. Btaubeysi grPamnidci pant s

The eleven study districts out of the 16 in
study. This selection was based on specific c
di stribution of the populptonmwiyhio thesBad

the extensive variations in seasonal flooding
all owed-dfeert hareviamuati on of access chall enges
geograplteirec.bdmr gain insights on the di mensi on

side andidemaonddi-sdotnisgonal cstosdsy using a heal't



conducted during the month of July 2022 in the

was adapted from the World Health Organizat:.

(HHFA) , a comprehensivessdevepgpndeetotddngsesapa
availability of services based on quality start
rel evantsitdoe scuopnpdiiyt i ons, including the number
of hi hly qualdifaeidl peysomyhees pef service ut.i

type nd quantity of medical supplies. Before
el eve

Healt

study districts were briefekinowml @ dge sdfi
Centres and Heal t h Post s, the distri.
management, and VPPsauratliicziaptai notn rpelsappofnosrens wer e r
healt facilities surveyed (response rate = ¢

onl in

g
a
n
h
participants and were asked to complete the
e
h
e platfosepasangdavalbmena file (*.csv), a
&

completed an advanced sprléadsheet software pr.

2. Ethics Approval

Ethical approval for this study was obtained from the University of Waterloo Human Research
Ethics Board (ORE43883), the University of Zambia Biomedical Research Ethics Committee
(Ref. No. 24722021; renewed February 9, 2024), the National Health Resdartttority in
Zambia (Ref. No. NHRA000009/10/07/2022), and the Provincial Ministry of Health, Western
Province. Permissions were granted for the secondary analysidd#ndiéied data stored in the
national HMIS.

2. PD.a4Saur ceAnaalnydsi s

Participant response data obtained from the ¢

district, ii) name of health facility, and i1
health facility (i.e., dd dthorworrkers e ,CHiN) dwiofre
health assiétahets (CHAP)menaddiddi tA)on to the qu
information for health facilities was obtaine



opesmurce onl’nTé edaMFalb acsent ai ned the facility

constituency, and ward. Facilities are catego
(1 .e.., | evel of care), owneBadheo) (ehgad &Moun
(Centr al Statistics Office Zambia (CSO)), anoc
deci mal degrees) . To validat e h erael ftehr ehaeid| itt

guestionnaire and the MFLablgé®n28) ng n=220 for

Popul ation per health facility was analyzed u:
(i .e., 2000,°The1@, sdanchc202d)ne,-2@D30 dan0d320)® D 3
were chosen based on the availability of deca

The historical periods align w2082 apaiiladl pr
forward a decade from the most recent census.

the existing census data was necessary for emj
historical SfPopuwll attiioom deatoav Rates (PGR) provid
and Housing for each district were used to
geometric cBhbanmgpe imetwbewaes t he pr oj &cwaesd tphoep u l
initial popul awiasent h(28R&BRC earvediviedogse )t he peri od |

yea¥’s)°’d assess the change in health facilitie
di fference for three distinct periods (i .e.,
anal ysis of health facilities speedr ocnaptihtea mmunmb
physical health facilities |isted in the MFL
of this study and projection, a facility was
data sources.d Tnhoits aacncaoluynsti sf odri potenti al c hai
functionality of these facilities over the st



Tabl @ n2li £ a paorrasmes eedr sstnu.dtyh e

Il ndicator Parameters [/ D Source

Popul ation Gr Y Census f Zambi a Stati st
T Di s tlreiveetl PGRs

Heal th Facil:i Heal th Centres HF Questionnali

(1
Health Posts (RUY MFL

= =

Travel Ti me Geoodes of CBDs T HF Questionnai
Wal k speed (5 krf MFL

Road network datf Google maps
Land use and | arq OCHA

Digital El evati ¢ RCMRD

Fl ood | evel dat ¢ USGS

= =4 =4 -4 a4

Hi ghly Qualif9q Doctors T HF Questionnai
T Nurses T MFL
T Mi dwi ves
T CHWs
T CHAs

AbbreviatiGestr £BDBusGCHA e mMusitry ctHe £HWhC AAremu r
Heal th DdbM Pegj t al El elvQePt Hiognh IMo d@u g | i HRTeHe alP ¢ hs
LULCLand Use/ LMRlU Ma@asuwer, Fa©OCHANtUni Ledt Nati on
Coordination of A G RiaMoi ptual rai tai no nA fRBCAGRVDSR e Riad reg |
Mapping of ResourlE®@SUmon ele \Ba lad prme Gteo !l ogi c al
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Tabl &6NuZnb2he atcdht r ehsalpdnddt s by st udy district.
Study Distr Health C Heal th F Tot al Fa
(n=11) n ( %) n (%) n (%)
Kal abo 12 (11. 19 (16. 31 (14.
Li mulunga 9 (8.7 10 ( 8. 19 (8.
Lukul u 13 (12. 12 (10. 25 (11.
Mitete 3 (2. ¢ 8 (6.c¢ 11 (5.
Mongu 20 (19. 19 (16. 39 (17.
Nal ol o 9 (8.7 8 (6.¢ 17 (7.
Senanga 8 (7.7 10 (8. 18 (8.
Sesheke 9 (8.7 10 (8. 19 (8.
Shang' ombo 6 (5. ¢ 4 (3.4 10 (4.
Si kongo 7 (6.7 8 (6. ¢ 15 (6.
Si oma 8 (7.7 9 (7.7 17 (7.
Totals 104 (10 117 (10 221 (10
the geospatial anal ysi s o f the popul ati
rdinates for Health Centres and Health Pos
vi nce, Zambi a. The geospatiadlsoanaéysing egvia
el opment environment (I DE) R coding and RS
R Foundation f dfToStaddesdss c&bo CloanpMapseg)yi
ironment, Google Cloud Application Program
e used (Google LLC, Googleplex, Mountain Vi
gle Cloudr A®llIs tusedgdedwmspati al anal ysis in
tance Matri x, Geocodi ng, Geol ocation, Ma p s
ces, Roads Static. The geospati al anal ysis
miacg®S Sonoma, version 14.2.1 (Apple Inc.,

ru

> 9 O O



For calculating travel di stance,
chosen based on centrality. Usi
coordinates were obtainwmadh2For

Tab23atitude and |l ongitude coordinates

a

ng
each

a

physi cal
ser i

ocat

measur ed

business district for each of the eleven study distric
Study Di:Central Business Disti Latitu Longit

Kal abo Kal abo District Hospi:- -14. 99 22.68
LimulungiLi mulunga District He: -15.12 23.14

Lukul u Lukulu District Healt| -14. 37 23.23

Mitete Mitete Town Counci l -14. 39 23. 24

Mo ngu Mongu Post Office -15. 27 23.12

Nal ol o Nal ol o District Hospi: -15.53 23.11

Senanga Senanga District Coun: -16.10 23.29

Sesheke Sesheke Civil Centre -17. 48 24. 29

Shang' omlShang' ombo Towren&®€mounci -16. 31 22.10

Si kongo Si kongo Police Stati ol -15.03 22.15

Si oma Sioma Town Counci l -16. 60 23.50

To generate a series of travel di stance

study setting of WP, walking is the primary
remote communities in andnadwheeertrbadt hef Bas:
abs¥murther, the Barotse Floodpl ain s €haract
homogeneous | and use; therefore, and use

set of trPAy@li cmbidg|l san aver dge wakk speedheofa
f While a standardized walking speed of km/ hr

does not fully capture the dynamic reality of travel
Zambian YA¢twalt ureavel patterns are dictated

and the |lived experieneg®PBuoninghehél dodpbaeanbdbsa, hymdveme:
but at the peak of the flood, canoe travel becomes
in some cases, i mprove access betweeni tcieorntaali nf | poooidn tpse
This *“tgrudthnadcg' context is essential for interpreting
geospatial analysis of these seasonal flood,i mpa&ct s
Mroz ef5’Al (20



topographical i mpedances, which we u%*e¥®i n ou

However, Tobler's Function and Naismith's Rul e
average travel ti mel@®ihwein amur nstl i dye 9 et tpirreg,e ntt
devel oped was based on the | aw of cosines usi

Q AATI@RE DI "B Wée Dwésl AoéENM_ Y

wheeries | atiist ydben,givitsidtehe amadi us of the Earth (i

The second model we used was t hern, Miwhkeaves kain di

integer between two points:

O oBh Ot ohdBhd v

The final Mi nkowsKi expression used was defin

‘O W WS

whe®ies di stance and 1§ hpanii gkroavse&kq uii md legretr st o M
Euclidean distances respectively. Using equat.
model s using then MIMkowsdnd(@i gteger s :



A
s Distance Models
§ B Minkowski, p=2.0 (Euclidean)
'1.: ==s Minkowski, p=1.5
-
&= Minkowski, p=1.0 (Manhattan)
* Law of Cosines
Longitude (x)
Figur&chRematic of models for estimating travel di st anc e
Facility (HF) wusing latitude and |l ongitude coordinates
the second set of travel model s, we accoul

(LULC) while using the rdédadcnetowornkhal Y&

Geographic I nformation Sysdemer(a&tle&)t thea sterda wn

i me estimates using the road network and

si sltliTrheArcd®@Is®st facility -aspeakyspgs pwpsl s
itize their closest (based on route dist
h services they seek. The aaakdsion idmnwsola
i me) between the CBDs and facilities and
ute distance. Upon review of existing |

ar geographic waldkigreg mop @éid cofs ed tk m/glsr, w:

nce4 dtHotWeavveerl, it is worth noting that a
n to destination), our findings of the d
cal able to provide travel time baseelohi

ased on a walk speed of ®w5Qé& m/whwevrass i tnhge t h

assumed travel spe@wWas nt tkke | @ateitmatse @ etrr avoeallr , di
time in hours. The travel-camceéelsseamdi wal
assume zero i mpedance (i.e., O0generalized cos



The data used for this analysis was selected |
devel oped a detailed road, CBD, afmgw®kBéal fThef a
OpenStreet road net work dataset was downl oad
Coordination of Humahfihtea mied woAfkf aiartsa s(e®@ChvA)s p
the necessary topological corrections to ens.t
connected at junctions, no gaps or overl aps

adjust mentasncandoirmpedtrictions) were incorpor

Second, we considered a detailed LULC map of
(DEM), and the flood | evel map to identify ¢th
map for the year 2016 d2 riimaegde € treosme wea & cfersosm ntgh
Geoportal website by the Regi onal Centre Fo
( RCMRBAULC maps that create travel hindrance,

to geographic Xedftheeeforepadespise -beunge frc
LULC map provided us with the required inform,
considered as impedance within24d,e thleed wotrkdy A
comprises a homogeneous LULC condition, mai nl
croplands, with a relatively scarce presence
for the study regi on waosf dtohwen |lWmidteedd fSeoart etsh eG

(USGS%i gR4e® shows that the study region is a
el evation changes that could provide notabl e |
the flood | evel data for Zambia develaospteedd by
Analysis anl@veMamppgieng)t hat flood | evels must b
i mpedance for our network analysis. Consequel
restriction i n tlihpwde)a.d Ded awiofrikc dlalyye,r t(he net
prefer roads that were not fl ooded as peopl «
Additionally, as the pri mary -orfofd ediosft atnrcaev eil mpu
100 km, whi ahaitmplniy facility 2100udked.away frorm



A. Central Business District
Health Facilities

N
Road Junctions A
Road Network
District Boundary ? . 215 . 510 L 1<IJ0 Km

Figur@l-Ras3ed r oad nfertiwotrikonf oarnacloyssti s to estimate the
facility from each central business district
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Fi g@4Tehe travel i mpedance fbeaateuwdr ense towmomrski caenrad dy siims .t he Gl
2 . Rlesul ts
A totdHeaolft 2facilities were plotted on a stat
and it was oObserved that mo s t of t he Health
concentrated in and adjacent t o rtvheed B airaat shee :
facilities resided along the Barotse River,
communities (i.e., appearing that remote comml
of heal th faciiln ttikes Mamsgwbdiestvreidct , wher e Mc
Province, i's |l ocated. An uneven resource all/l
facilities per catchment population (i .e., b a

(fi g 2B & .



Western Province (WP)

Study Districts

Kalabo
Limulunga

Lukulu p
Mitete N

Mongu

Nalolo

Senanga

Sesheke Zambia
Shang'ombo

Sikongo

Sioma

]

HEEEEEEEE

Health Facility Type

Centre @ Post WP

Catchment Pop. x1000 (2023)
e 25050075@® 100 @ 125

Fi g2b@8eospati al di stribution of study district health
Province (WP), Zambi a.

o rr N o0 T —+ -

—

nvestigating the physical infrastructure (i
hat there was minimal change during the peri

ealth centres and healtbdtipgatisnguashasbBiusmeadr ic

hanges in total physical health facilities pe
000 to 2032 acr disgsi2iéagl.l Istt uwdas dalssa iadcetser(mi ne
ukul u aemdarSesmred&] ected to have the greatest
9.9% and 60. 4 %, respectively (Table 3). Mor e

o witnedbgatddabl ene in totaltiheml|lhshbBH&HT2 I (i t i
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Study Districts
Fi gaéTeot al number of health facilities per 10,000 popul
the study districts.
Tab24eHi st ori cal and projected percent change of total
capita by study district. Historical values were based

growth rates.

Percent Change (%) of Health

Study Di st 20@mM10 20LmM22 202032 20@m 32
Kal abo 4. 48 25.34 21.88 41.68
Li mulunga -16. 34 -16. 96 14.26 -28.80
Lukul u -16. 73 39.21 34.05 59.91
Mitete 28.53 30.71 26.31 48.914
Mongu 7.21 34.87 29.79 54.27
Nal ol o 12,31 24.514 20.73 40.18
Senanga -14. 87 36.69 31.79 56.81
Sesheke -30. 49 -39. 65 -34. 36 60. 39
Shang' ombo 23.10 31.16 26.67 49.52
Si kongo 22.78 23.81 20.34 -39. 31
Si oma 27.10 35.18 30.13 54. 71
Averages -18. 54 -30. 74 -26. 39 -48.59
When we assessed health facilities (i.e., num
had the most tot al facilities (8.35 per 10, 0O

(3.70 per 10,000 popul atlioocna)t.i oRne, g awed i onbgs ehrevael dt |



Lukulu, Sesheke, and Sioma had the most Healt
Sesheke and Sioma hédguirirthke most Heal th Posts (

The results of our four uni mpeded travel di
maxi mum average estimated travel wal k time fr

(l aw of cosines) amdoptbB. Mahbat sagMi nkewektive

of cosines model resulted in the shortest ave
an inthegér . ef , Manhattan) resulted in the | on
study districts, the shortest average estimat

observed for Nalolo (6.64 hourshouSiskhgogngvdhe(r &.a
|l ongest average estimated wal k times were obs
hours), and Kafigw®&¢(11.45 hours) (
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sed on the |l aw of cosines model, it was det
centr al point of the CBD to a health facil:i
ntres (7.74 hrs). | t vead edle ttgramien e d i tntea tt ot h
e Nalolo district took the Il ongest (13.32 nh

CBD to a Health Centre or a Health Post was 4

Lu
he
cCo
w a
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t h

Th
av
h o
(i
toi
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he
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Ho

kulu, ym®@Re®xti Weile standardi zed benchmarks

alth facilities can vary depehdhogr sosnarceont
nsidered a significant barrier to access in
Il k ti mes, ranging from 6.64 to 13.32 hours
cessing health facilities for populations r

e study area.

e results from-thdoeed mpetdawnrcle amal ycdiSs pr ovi
erage, the distance between a CBD and its cl

urs. The shortest averaga bethimat édcitavegl w

.e., Sikongo Police Station to the Sikongo
me was 88 minutes (i.e., Mongu Post Office t
ail abl er kr,o agde onpehtywsa c a | | mpedance -oifnip oaspepdl,i ead
alth facilities (i.e., health centers and p

und for only four CBDs (Lukulu Dileot mDicctrHe:

spital, and Sikongo Police Station).



Tab25&sti mated uni mpeded average (avg.) travel walk tim
|l aw of cosines distance model .

Study Distr Health C Heal t h F Tot al s
(n=11) avg. hr: avg. hr avg. hr:
Kal abo 8.50 (1 13.32 ( 11. 45 (
Li mulunga 6.57 ( 6.83 (1 6. 71 (1
Lukul u 9.76 (1 5.07 (1 7.51 (2
Mitete 8.90 ( 8. 49 ( 8. 60 (1
Mongu 6.26 (= 7.57 (1 6. 90 (¢:
Nal ol o 4.81(9 8.69 (1 6.64 (1
Senanga 7.82 ( 8.41 (1 8.15 (1
Sesheke 9. 77 ( 9.86 (1 9.81 (1
Shang' ombo 8.38 ( 10. 22 ( 9.12 (1
Si kongo 6.66 ( 6.68 ( 6.67 (1
Si oma 9.32 ( 8.16 ( 8.71 (1
Total Avg. 7.74 (1 8.66 (1 8.22 (2

When we assessiedtle th@ndsiutpipolny of highly qualif
determined that Community Health Workers (CH

essenti al heal thcare services for HealsteltoQant
most c¢ dimgnome (9 a, b) . Our analysis also reveal
(primarily administrative), the total number

el even study districtoer WHOHe®MOBQPoOWwas atxpnesse
Kal abo (3.85), Lukulu (5.38) Nalolo (4.84), a
Heal th fCg®Pegs When we analyzed HQP per 10, 00
was determined that the districts of Mi tete

greatest supply of staff wheé gpPadv)i.ded essent i
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Study Districts Study Districts
Fi g@a9Hi ghuwnl i fied personnel (HQP) by study district. (a) T®tal number
(b) Tot al number of highly qualified personnel per teoptearl 1nOu, n®bOeOr o f t
popul ation staffed at Health Centres, and (d) Tot alt hn uPobsetrs .o fC dhimngthr iyt y
Heal th Assistants (CHAs) and Community Healthi tWoorkerand CHWs!l) ude&sHWCH A
community health volunteers (CHVs). The CHW is a paid pesveéian and r
stipend, require six weeks of training, and report to CHAs.



2 .bil scussi on

This study empirically evaluated key di mensi o
Western Province, Zambi a, using a health syst
OQur findings highlight signiabtchntycbtal pbagges
capita, projected to decline substantially by
wal king emphasi ze the considerable geographic
and type afi fhigdh!| perquonnel al so i ndicate pot ¢

skilled healthcare providers.

We present a case highlighting thei ddhlebmesy s

country of Zambi a. OQur study investigated pot
empirical studies to measume oacmpomrRerstus tef fitrlo
study facilitated the identification of potent
statistical and econometric modelling techni

approach of tchees sgonicnecptudofnrgadceal th service
maxi mum benefit, or overutilization). We ideni
as s-wppldyesmacned condi tions in space ande,t itnhee di
supplde conditions that we found relevant for
number and type of health facilities and the
found t hsaitd es ucpopnidyi ti ons eayni hbkuda mbee ahdnc
facilities and HQP. For health system planni ng¢

r study, the number of physical facilities

—

e popul ati oresiundrnemaygseée n a decrease in facildi

(e o
> ® TS © 9 O < C

to statistically model utilization rates t

derutilizatitdmdread ulhteiand hi mult&eosnes.

Demasnidde conditions in the context of space me
mode of transportation (i.e. walking), trave

net works or climate change eevdent ar i shulcens atsh aff



sensitive to timsidedcoedatedonsomdgmand!| ude t

catchment popul ation and the change in the ty
season) . For exampl e, Schuuagimasne@dan@l S$ohetewmgule
to model catchmenar bpppoppubreaosndbasead nom travel
Col umbScahuur man and coll eagues found that thei

true catchment and travellfnvieme itgats megcit thiec i me.

in seasonal flooding in the Barotse Floodpl ai
that the changes in the monthly distribution
facidMinvesti gating the geographical access to
Makanga and coll eagues found that variation i

evaluating access to h.&%Int houfra csitluidtyi, e swef ore vred
uni mpeded travel model scwsehwahk &armvef &8 me mi
health facility. I n a similar study, Smahid an
Q) and Manhattrpnp) (Mebhkowskit,end to underestim
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dat asets haveeddteeech tcarmdiudtlayi metlthe hi ghest qu:

results could be found in studies that ai med
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mmunities. Arambepola and <coll eagues (2021
vestigate childrenotmi ddbebme couveaeit’?fgeodhernmt
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empirical data. Our analysis revealed signi
|l Kk times to the nearedtanhealtlobsaaicl iesy,f owh
pend on walking as the primary mode of tran
alified personnel indicated a system heavil
alth facilditites citr .dtihhee sfieamioyprudtigrntgson r ati o,
d heal thcare warrkef arhecee kceoympvoasriitaibdnres t hi s st
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and time. The data from this study provides a
in physical geographiractecessibility, and the
personnel iI's crucial for the effective operat



Chapter 3

Proportili ons

3.0verview

Background Routine Health Information Systems (RHIS) and Health Management Information
Systems (HMIS) in suSaharan Africa are essential for disease surveillance but often lack reliable
population denominators. This limitation hampers the ability to accuratelylatddisease rates

and monitor trends. Malaria remains a leading cause of illness and death among children under

five, and this data gap particularly impacts its surveillance.

Met hdeds address the |l ack of denomi nator s i n
met hodaslpagy ally defined catchment aread ( SCSO)
usi ngr ehsioghut i der isvaeck | popeael ati on data to def i

catchment areas. We appl i edntfhirsmeap pcracsaec hp rtog o
321 health facilities in Western Province, Z
ecol ogi cal l ongi t udi malmi sstiuodne gwoedsei | g nwa sA Wteitlai
spati al and temporal wvariations in malaria ri

FindiThgs average prapoarftiironnedofc|l mal @amail a cases wk:
l evel and 5.80% at the district | evel, i ndi ca
five years had significantly {toweheodeseodl cp
(OR=0.770, ©W5®BW5O):;, GlIGhDugh this pattern vari
were observed, with peaks occurring from Dece

ConclusionsOur findings show that integrating satelderived population data is feasible for

creating denominators used in routine HMIS case data. The $CHOmMethodology provides



standardized, populatieadjusted metrics that enhance traditional numes@idy reporting and
reveal important spatiaemographic disparities in disease risk. This adaptable approach offers a
scalable solution to strengthen surveillance for malariacdiner health indicators in lowand
lower-middle-income countries.



3.12nt roducti on

Mal ari a remains a significant gl obal heal th c
608, 000 deaths repb’t@&Ri Iwdorrend wi ndcee ri nS a2k0a2r2g. e ar
Africa (SSA) bear a disproportionatedyamhnt ghs b
of maledraitee d'?mhd'mt Zlaimby .a, mal aria continues to
visits, hospitalizations, and deat hs, particu
pregnantt?5notnheonu g h considerabl e progress has
i nter vemtcil warmds n gt ri enasteecd imceatdse, i ndoor r-easedal
combinati dmalt Aaerapiteansmi ssion persists uneve
dmographi @®Tgresumpms ghl i ght guahét needpdtoiralhliyghd
appropriate metrics to inform subnational S L

effectively.

Heal th Management I nformation Systems (HMIS)
informing public healthnd nmienadmd i ooant mi ensan
Zambt ddwever, these systems are primarily des
as the number of confirmed clinical cases of

some epidemiological metrics. At lte i tocaées mam

denomdbpapat adiwbnchi sk required for calcul atin
that can be used for obsdseér¥héing Isipmittiatli eamdi & ev
across various disease surveillance contexts
mat er nal and child health, undermining gl obal
(SDG) 3, speciwhiicdal lay mBangpetendl. 2,pi demi cs of m
di sease&5 by 122030.

While official sources |like the Zambia Master
popul ation estimates from the Central Statis
infrequent and out dat esdc acl een sulesmopgddas agtgir emgsat i lo
not accurately represent the true popul ations

cal culsapteec iafgiec i ndi cators, such as the proport



these data alone. Conversely, modern geospat.
Resolution Settl ement Layers (HRSL), provide
rooftop structures but do noty acati ghmheifitbe saer erac
address this <critical data gap, veheleBphopealt
Defined Catchment Area (SCSO) ahtda#®ogiehaei ® n

catchment areas by synergizing these disparat

Sever al strategies addr ess d e ”demii rvaetdo r p olpiurhia
projectiodmasemgr oneit miotdys | i ke TFdhiisetsasnecie 7 priodlEdyégl bsn. s
13While these approaches offer advantages, the

to adequately capture dynamcal gopatiaadai oonsnovw
acce¥dsrecent scoping review of methods used t ¢
this concern, emphasi zomlgy thediredti@ams ei mnS A
urgent need for scalable, replinabhbhectikcaahely.
address this critical gap, we developed a n
met hodol ogy,r eustdll u tzii-dnegr ishadgkhl ¢ st iemat es of popu
(PURS)Yhese PURs consist of estimates of popul
(i .e., male or female) and age (childrerh under
The SFEKWBWR met hodol ogy allocates popul ations to
empirically grounded denominators that enabl e
such as the proportion of cmaldrea wntdernfheaea
catchment s. This method represents a signifi ¢
standardi zad ] upopdl ametomcs, facilitating val:i

demographic groups.

To address this critical data gRPR métisoddluadyy
estimate malaria risk among <children wunder f
administrative districts 1in t hheo dWewss es no fPfrioovii
popul ation counts as a const4+avet wdekembegrapgre
construct, for the -sftirrastti ftiiemde ,d echeoma giraa phrisc a ol

this context, we ciamp |leomegntt ualn natolsagdy desig
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nuary 2017 to Jumiena@2ni2adl arnedg raepspsliyo nb enmtoad e |l s
a-t empor al variations i n-c otnhfel r me @ p ocrltiinancsa |l
monstrating t he -PapR Imectahtoidoonl oogfy tihoeu gSethSeG & B & |
puladjiwosnt ed health metrics, this research pr
plicabl e across di ver se contexts wher e ac
ntributing to healthngumiadihl ISDGc 888y satnams3 . &8

.Met hods

Htuudy Setting

mbia is a |l andlocked country in Southern Af
cording to the 2022 censu’$Wesard na Pmratviimcal (
rgest province by | and area, has one of the
l 1 ion residents, over 80% 6% PYhwh2@m22, vehen2zZ
ni stry of Heal t h reported t hat WP had 344
ministratiwaydiestricts (figure

Ethics Approval

Ethical approval for this study was obtained from the University of Waterloo Human Research
Ethics Board (ORE43883), the University of Zambia Biomedical Research Ethics Committee
(Ref. No. 24722021; renewed February 9, 2024), the National Health Resdartttority in
Zambia (Ref. No. NHRA000009/10/07/2022), and the Provincial Ministry of Health, Western
Province. Permissions were granted for the secondary analysidd#ndiéied data stored in the
national HMIS.
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3. Pald3 a Sources

Data on health facilities, including their (
estimates, were obtained from the Zambia Mast
Of fice (CSO}Y, ThespeoOtesel mates provided a sin
each facility's service area. For the 8.2% ol
esti mates, val uesnewnaerrees ti mmpeéuilt)gehdd owgil gk i kmput at i

seleedlctbased on tjh=e0 bc@Brweed mttiloen wbdserved and i
i mputed values were subsequen#d/yintaescatdhments t he

definition algorithm.

Hi glresol ution gridded popul ation data were obt
Resolution Settl|l ement Layers (HRSL) use satel
popul ation grid tiles disaggrebdted bwddembguw:
age. For this study, each populated grid tile
providing the detailed demographic building

boundary for theistwdy, veeduséedi atRed eeaceoccredi
| nfrastructure and Demographic Data for Devel
dataset to include only PUEstli onmdteesd wweirteh iam j \We
baselines using national popul at i*t%lm thatrados i Ere
with the 2023 Zambian census, veep exdjfust epdo ptuh
growth rates (PGR) throughOthe @Qaevhm@tesi ¢ hgr o]
projectedOpopuhathanediisnea hpo pwlnaitaillo s,rtohwa ht ir e
yedfShese PGRs were used to project annual PU

peri od2QqQ240)1,7 ensuring that denominators were ¢

Mont hly confirmed mal aria clinical case data
Management System (HMIS) wusing the DistéPict Hi

The dataset spanned from January 2017 to Jun



outpatient malaria clinical cases stratified

gener al popul ati on.
3. Zpatially Defined Catchment Area (SCS:S

Using spatial proximity and population data, we developed an innovative methodology to estimate
individual health facility catchment areas based on the spatial location of PURs. Gstefive
approach integrates known variables from the Zambia MFL witb#ta for Good HRSL gridded

datasets and requires (figug®):65: 74

MFL Zambia Data for Good Spatially-Defined
(Western Province) (c/o Meta Platforms) Catchment Area (SCSO)

Known Unknown Variable

= = == Catchment Area (CSO)

— = = Health Facility (H)

_— = = Population Under Rooftop (PUR)
= = = Euclidean Distance (d)

Figure 3.2Schematic overview of the Spatially Defintad Cat ch
generate spatially defined catchPMméRtmatrleadolfogy eiarcthe chre
|l ocations from the Zambia Master -Facollutiyohimsadap (IM&tLi) o

For the purposes of this methodology, each po
was treated as an i ndi vi dual PUR uni t, char a

demographic count s.

Step 1 Data Cl e anGeagmphiacoordindtesdije.alatitade and longitude) were
cleaned and validated for all health facilities and PURs. Data were filtered by province and district

to ensure geographic consistency.



Step 2 Distance HMzlidean distaiCebatween eachiPORand health facility
was calculated using validated geographic coordinates. The distance between ¥)RIUOR &

health facility ( ) was determined by:

Ay

Py

2 @ U U

where @ R, and @ HJ  represent the geocoordinaté€=(longitude and)= latitude) of

a PUR and a health facility, respectively. The distances were compiled into a $natrii j

representing the spatial relationship between the health facilities and PURSs.

Step 3 Spatial Sorti nfgorana H e éertahthiévade uAtgligir geegaant i

to all PURs within i1its district were sorted i
define -pmrerdmictay chment s, as the goal was to
popul ation targepleatbheavehabemadebucomAn iter
then used to collect the nearestB@#IJRDri retac ha
facility. The aggregation of PURs continued u

of ficial CSO catchment po@wl)awiitoni ne sat i snaa lel f tc
threghol dccount 9Thi sdpracessseffectively dis
popul ati on tot al i nto a spatially explicit

characteristics.

Step 4 AssigniBente @At EabhePhiRwitdirsal # 3 included estimated
demographic characteristics, including sex (male, female), age groups (children under 5 years,

youth aged 1824 years, and women of reproductive age agéd9d¥years).

9 The design-PtyR mee h§6880Oogy is based on the fundament al
constraint, derived from the catchment popul ation est
sufficiently prbeacsiisse ftoor stehreves paast itaHe al |l ocati on of P
recognize that this reliance creates a structural de|
the original CSO totals coul d eidn tdreondounti en ad Yo g tse naantdi cc ol
metrics. Although a comprehensive measurement error a
wi || adomeét modns xe@pproach to formally eval uaties twiild bi
be performed by perturbing i2Be&) cboea€S8Osdenhbmi nabassn
such as the spatial heterogeneity of malaria risk.



Step 5 Spat i al Thyfindeufput coessted@ispapallytdefined, demographically
characterized catchment aréagt 3 /for each health facility. Subsequent healthcare utilization

and access equity analyses utilized these catchment areas. This methodology enhances traditional
health facility catchment definitions by integrating spatial proximity and demographic

representatieness, enabling more precise assessments of service coverage and population needs.

3. Btawdy Design

An ecol ogi cal l ongi tudi nal study design was
January 201 7The cutcoihel vagable2wa® defined as the proportion of confirmed
clinical cases of malaria, calculated by dividing the number of confirmed cases by the population
estimate, determined by the SGHROR methodology, for each demographic group (specifically,
children under 5 years of age and the general population), aggregated at the health facility level.
For this study, health centres and healtists, both rural and urban, were included, resulting in a

total of 321 health facilities.

3. Bt@ati stical Analysis

To address seasonal variation, the calendar time was transformed into a continuous variable and

included seasonal harmonic terms using sine and cosine transformations:

OEi A OE+ andEi A Al &

Model Justification and Response Variable Handlingro account for the proportional nature of

the outcome and the evident overdispersion in the data, we employedbanbetél regression

model with a logit link, using the gimmTMB package int RThe betabinomial distribution
extends the standard binomial by introducing a dispersion parameter that allows the success
probability to vary across observations, thereby addressing-t@rtvenial variability due to
unmeasured heterogeneity.This approach was preferred over a binomial generalized linear

mixed model (GLMM) based on preliminary modelling that revealed overdispersion. To ensure



the correct specification of the model likelihood, we provided observiia weights
corresponding to the total number of individuals tested at each facility per month. This method
preserved the original proportional structure of the data while adoguior varying precision

across observations. Given the bounded nature of the outcome variable (proportions in (0,1)),
alongside evidence of overdispersion, seasonality, and the inclusion of a random effect variable
(i.e., health facilities), we employed betabinomial GLMM with a logit link. This was
implemented using the generalized linear mixed models template model builder (gimmTMB)
package in R within the RStudid. % - ! 3For #t¢ model, le® denotethe count of confirmed
clinical malaria cases at a health facilistrict E for the demographic grou and timeQ Let

T represent thestimated PUR (denominator) for that faciitgmographigime combination.

The betabinomial model assumed:

ox" ADAT T i1 ERRIF

with:

1TQEO 1 1 tAEOOQEMA I T COAPHEDBA
r tOEI A tOEI A1 t AEOOORAAG COAPEEA

whereOx © 1k is a random intercept for the health facilfyrepresenting the unmeasured

health facilitylevel variation. In this modef, the intercept (reference: Kalabo district, general
population),r estimates the fixed effects for a district, estimates the effects of demographic
group (children <5 yrs versus the general populatjpngstimates the effect of the linear time (in
months); andy captures the seasonal variation using sine and cosine ternys, aptesents
the interaction effects between district and demographic group. The féigyrandom intercept
accounts for repeated observations within health facilities. The dispersion pafagmterns the
degree of overdispersion in thetabinomial distribution, where smaller values indicgteater
overdispersion. To model overdispersed binomial outcomes, we specified -hirmetaal

distribution for the response variable. The probability mass function (PMF) of théibetaial



distribution, which forms the basis of the likelihood function used for maximum likelihood

estimation, is given by3 9. 142

U Jh U g

09 U o i
U L

where" &8 is the beta functiony ttnff p t tn,andn pjJ p, with[ as the
dispersion parameter, this formulation allows the variance of the outcome to exceed the mean,
addressing the overdispersion frequently observed in HMIS data. The full likelihood is constructed

as the product of PMFs acrossiabbbservations:

fl tff sth gt

U h U g
1

9

This likelihood function was maximized using maximum likelihood estimation (MLE) with the
gimmTMB package in R to obtain fixesffect estimates, the facildigvel random intercept

variance, and the betanomial dispersion parametgr

Computation of District-Specific Demographic Effectdnteraction terms between district and
demographic groups allow for distrspecific estimation of the effect of being a child under five
years old. Odds ratios for children in each district were computed by exponentiating the sum of
the main effect forchildren under 5 years and the respective disspeicific interaction

coefficient:

I Zeei aoai i AR OB AE 0O GEED AOAT

This approach enabled the identification of districts where children under 5 years old had relatively

higher or lower odds of confirmed malaria than the general population.

Model Fit and Assumptions We evaluated model fit and diagnostic assumptions using the

DHARMa package in R, which conducts simulatizased residual diagnostics for generalized



linear mixed model$.* The residuals exhibited an approximately uniform distribution, showing
no strong evidence of temporal autocorrelation or zero inflation. However, residual plots revealed
the presence of heteroscedasticity or-nonstant variance of residuals across tieglisted range.

A slightly curved pattern in the residuals versus fitted values also indicated potential mild
misspecification of the linear predictor. Despite these patterns,-éiffedt estimates remained
stable, and no violations were deemed severaigindo compromise model interpretability.
Additional diagnostic tests confirmed that dispersion and residual uniformity fell within acceptable
bounds. Comparison with a standard binomial GLMM revealed significant overdispersion in the
data, further justifing the use of the betainomial distribution. Lastly, potential multicollinearity
among time terms was assessed using pairwise correlation coefficients, with no concerning levels
detected. Seasonal harmonic terms and linear time trends contributed detgfyeto model fit,

and their inclusion enhanced the residual structure.

Model SelectionMaximum likelihood estimation was used to estimate fixed effects, the variance
of random intercepté and the dispersion paramefein the betebinomial regression modelst ©

We compared nested and interactimased models to determine the optimal model structure. This
comparison included a simple model with only district and time covariates and three base models
featuring distinct interaction terms: Base ModélDemographic Time, Base Model R District

x Time, and Base Modeli3District x Demographic. Each specification incorporated fixed effects
for district, demographic group, and time (linear and harmonic), along with a random intercept for
the health facility. Modeperformance was evaluated using the Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC), which reward goochuédg while penalizing

model complexity. Base Model 3 (District x Demographic) provided the best balance between
model ft and parsimony, with an AIC df76,097.4 and a BIC af75,792.4. In contrast, Base
Model 1 (Demographic x Time) yielded an AICiaf5,720.8 and a BIC 6f75,523.0, while Base
Model 2 (District x Time) reported an AIC ©75,804.6 and a BIC df75,507.9.Although the

model without interaction terms achieved the lowest AIC and BIC (AiG&173.5; BIC 3
75,976.8), it lacked the capacity to examine subgroup effects, particularly destattlifferences

in malaria risk between children under 5 yearstaedyeneral population. The final model selected

for inference included a District x Demographic interaction. This specification allowed



demographic effects to vary geographically, capturing meaningful spatial heterogeneity in

pediatric malaria risk.

Statistical InferenceModel coefficients were exponentiated to derive odds ratios (ORs) and 95%
confidence intervals. Districgpecific ORs comparing children under five years to the general
population were calculated using linear combinations of main effects and interaatios t
Estimated marginal means (EMMs) and pairwise contrasts were generated using the emmeans

package, facilitating the interpretation of withdistrict comparison$# 4

MissingnessThe outcome variable contained substantial missing data, particularly in the child
demographic group, where the missing rate exceeded 80% in several districts. In the HMIS source
dat a, mi ssing values were coded entateldetwv@eda howe
true zero (i .e., no cases reported) and a | a
entries as missing to avoid falsely imputing zero incidence. No imputation was performed. Instead,

we relied on the default methddr handling missing data through listwise deletion in the
glmmTMB, which excludes observations with missing outcome or predictor values from the
model?! 3 A chi-squared test confirmed that missingness was significantly associated with both
district and demographic grougs< 0.001), indicating that the data were not Missing Completely

at Random (MCAR). However, we assumed a Missing at Random (MAR) mechanism since the
missingness was primarily due to observed covariates. The MAR assumption should be interpreted
cautiously, a violations could bias findings if missingness is associated with unmeasured
determinants such as health system capacity or geographateness. Model estimates should,
therefore, be interpreted cautiously, particularly for children under five years, due to the high
proportion of missing observations in this subgroidpstatistical analyses were conducted in R

(v4.3.1) and RStudio (Version 2024.12.1+563) using the following packages: gimmTMB, TMB,

emmeans, and DHARMg? >+ 13911841, 143
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3. Htudy Popul ation and Health Facility
A total of 321 health facilities across 16 a
anal ysi s. These health facilities served a ¢c
people, including 224, 688)chiThdreomberdeoff heal
di strict ranged from 10 in Luampa to 41 in K
reveal ed substantial wvariation in population
For exampl e, Mi hmedlehagde St kamgr age number of
and 2.03, respectively), suggesting hi gher c
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3. De2nonstration of Spatially Defined Ce¢

Fi g84a presents a random sample of 60 health
respective SCSOs and PURs, denrbPolhRs tmeatth ondgo Itohgey .
resulting catchment areas di ff ert hi nt hgee odgernaspi hti?

di stribution of surrounding rooftop populatio
and rur al Bdbt pngsi dEsgar det-RUR emde tvh cedvo lod g yt,h el
a random subsamatieel iotfi essi.x Fhoeralaadchf facility,
catchment area are displayed alongside the PUF
under five). The visualizations dzwell azompar:t
arouthd Kaoma Urbaandleat odad€entmere sparsely pc
Wanyau Health Post. ThesePWRannedtshoidl |cuosntsriadteer sh
proxi mity and popul ati on need, e n aebrlaigneg apnrde c
establishing a -bhased Heoal tdle nmenti miacd ®rat t he f ac
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Table 3.1Summary statistics for health facilities, demographics, and average Population Under Rooftop (PUR)

Demographic Group Population Under Rooftop

(PUR)

Districts Number_qf_ Number of Gener_al Children Gér\:;al Cf?il\cljer}én

(N=16) Health Facilities  Rooftops  Population <5yrs Population <5 yrs

Kalabo 29 12,662 109,671 20,420 8.66 1.61
Kaoma 41 31,505 174,148 31,501 5.53 1.00
Limulunga 25 7,874 74,922 12,854 9.52 1.63
Luampa 10 5,046 37,237 6,717 7.38 1.33
Lukulu 20 8,188 61,548 12,040 7.52 1.47
Mitete 13 2,525 42,452 8,326 16.81 3.30
Mongu 35 26,541 176,934 30,342 6.67 1.14
Mulobezi 14 5,455 34,486 6,124 6.32 1.12
Mwandi 14 5,357 52,450 9,283 9.79 1.73
Nalolo 17 7,003 72,792 13,404 10.39 1.91
Nkeyema 12 14,339 57,115 10,335 3.98 0.72
Senanga 19 17,482 83,772 15,365 4.79 0.88
Sesheke 22 11,868 63,217 11,213 5.33 0.94
Shangé 14 7,720 73,422 14,248 9.51 1.85
Sikongo 16 5,312 58,074 10,794 10.93 2.03
Sioma 20 7,106 60,551 11,722 8.52 1.65
Totals 321 175,983 1,232,791 224,688 - -
Averages 20 10,999 77,049 14,043 8.23 1.52

Note: Rooftops refer to satellitderived estimates of structures indicative of human settlements. Data repres
health facilities (Centres and Posts) across 16 administrative districts of Western Province, Zambia. The
"Ave. Gener alo APvoep.u I Gahtiil odnrée na n<d5 -levelsaderage ewymber of paoqle inttr
demographic category per identified rooftop structure.



Tabl ¢ddeal2 h facility reporting by district

District Health Facilities (n) Observations (n) % of Total Observations
Kalabo 29 5,220 9.03
Kaoma 41 7,380 12.77
Limulunga 25 4,500 7.79
Luampa 10 1,800 3.12
Lukulu 20 3,600 6.23
Mitete 13 2,340 4.05
Mongu 35 6,300 10.90
Mulobezi 14 2,520 4.36
Mwandi 14 2,520 4.36
Nalolo 17 3,060 5.30
Nkeyema 12 2,160 3.74
Senanga 19 3,420 5.92
Sesheke 22 3,960 6.85
Shangbo 14 2,520 4.36
Sikongo 16 2,880 4.98
Sioma 20 3,600 6.23
Totals 321 57,780 100.00
Not@ne observation reprememtths (ai .sei.n,glcene
one month). Health facilities were obse
to June 2024) . Percent ages dammdtirciak et & ch ek



The completeness of health facility reporting comprised 57,780 faailityth observations over
90 months (from January 2017 to June 2024) (tal@a). Kaoma, Mongu, and Kalabo provided
the most observations, accounting for nearly-tiniel of the data.

3. Ma3 aria Risk Across Districts

The over al | -caovnefriargnee dmaclaasrei apr oporti on was 6. 17
at the dist32ibgt IHowelvef(t alhlhese aggregate fi g
heterogeneity. Lukulu (10. 56 %) and -cLounafmprame(d9 .
proportions at the facility level, while Mwan
Thpattern persisted at the district | evel, Wi
risk (10.85% andg.9l@ea2%ontesagect iSeaslhyeke (3. 39%
Mwandi (2.14%) exhibited consistently | ower p

3. Predictors of Mal ari a Ri sk

Results f-bbobmomhal beégression model demonstrat
demographi c varcioantfiionmse di &3aagalsa C(otmgphalreed t o Kal
individual s =iln 9 dampPdi?.®F=8; 0.03l1)3 and=1L.u&eul ;u (
95% CIl12.58480.2001) had significantly higher od:«
significantly | ower oddd.wdabe O bi%he B MLOAQMwa r
Nal ol 80 .(60&R6; 95/%. Gp=M;.00.2439 and0S6E6E6§HAekB5WORI :

0. 9p00;. 021) . Demographic differences were al sc
27% | ower odadbxnfofr mmal xrais@es than=0h&70ené5b &l Cj
0. 60.78pV0;. 001) , even after adjusting for distr
were pronounced. Seasonal harmoni c=1.exrm6s; wes%®
Cl: TR.9880. 001) and cob.imne5;tedmnn (GRIB01006138

capturing strong annual seasonality aligned w

' inear trend in malari a r=i0sl9Wgs 9&Ii%s.d0 [9d8e; t0e 9t9e;
0.001) .



Table 3.3Proportions of malari@onfirmed cases by district, summarized at the facility and district levels

Distric FacilUeivteyl Di s tlLreivcetl

Me an SD Mi n Ma x Me an SD Mi n Ma x
Kal abo 0.06 0.02 0.02 0.11f{ 0.06 0.03 0.00 O0.15
Kaoma 0.07 0.02 0.02 0.14f, 0.07 0.04 0.00 0.18
Li mulun 0.07 0.03 0.01 O0.16f 0.06 0.04 0.00 O0.15
Luampa 0.02 0.05 0.12 0.07 0.00 0.29
Lukul u 0.05 0.04 O0.26 0.05 0.02 0.26
Mitete 0.06 0.02 0.04 0.10{ 0.06 0.03 0.01 0.15
Mongu 0. 05 0.03 0.00 0.13{ 0.05 0.04 0.00 O0.19
Mul obez 0.06 0.02 0.01 0.10, 0.05 0.05 0.00 0.214
Mwandi 0.02 0.01 0.00 0.05, 0.02 0.02 0.00 0.09
Nal ol o 0.03 0.01 0.00 O0.08 0.03 0.03 0.00 0.12
Nkeyema- 0.03 0.03 0.15- 0.04 0.00 O0.19
Senanga 0.05 0.02 0.01 0.10f, 0.05 0.04 0.00 O0.17
Sesheke 0.04 0.03 0.00 0.1213/ 0.03 0.03 0.00 0.15
Shangdéo 0.03 0.02 0.00 0.07, 0.03 0.02 0.00 O0.11
Si kongo 0.04 0.02 0.0212 O0.210, 0.04 0.02 0.00 0.12
Si oma 0.04 0.03 0.012 0.123, 0.04 0.03 0.00 0.15
All Dis 0.06 0.03 0.00 0.26/ 0.05 0.04 0.00 0.29
Shading reflectsohhier meeragee mptapomat i on:
Low ( QG Mo.doe3r)ati® . 07 )0@H goh. 07)
Bold values highlamgdt f-laeeé lht gheaers tprdd pdrrtiicdans .
NotFeac H leivtey values refdercfi tmed avaeasager omadatri ans
mont hs (i .e., 90 months between thevpeérivad uédan
mont hly proponrtcrons addr daatiddti es. Al Distric
study area.



Table 34 Adjusted effects of district, demographics, and time on the odds of confirmed malaria cases

Predictor Estim OR 95% ClI Pval ue
(Intercept) 2.87¢ 0.05¢ (0.045, ( <0.00:
Di strict

Kal abo (Ref .) - 1.00¢ - -
Kaoma 0.25% 1. 28¢ (0.968, : 0.082
Li mulunga 0.25% 1.29: (0.949, : 0.104
Luampa 0.68 (1.313, : 0.001
Lukul u 0.62 (1.342, : <0.00:
Mitete 0.14C 1.15: (o0.781, : 0.478
Mo ngu -0.19¢ 0. 82 (0.613, 0.182
Mul obezi 0.157 1.16¢ (0.805, : 0.422
Mwandi -1.15f 0.31! (0.204, ( <0.00:
Nal ol o -0. 407 0. 66 ¢ (0.469, ( 0.023
Nkeyema 0.30¢ 4.88¢% (0.922, : 0.121
Senanga 0.0372 1. 03¢ (0.739, : 0.849
Sesheke -0.41(C 0. 66: (0.469, ( 0.021
Shang' ombo -0.68(C 0.50° (0.338, ( 0.001
Si kongo -0.34¢ 0. 70 ¢ (0.493, : 0.058
Si oma -0.297 0.74° (0.530, 0.0914
Demographic

Gener al Popul at - 1.00¢( - -
Children under t -0.267 0. 77 (0.697, ( <0.00:
Ti me -0.00¢ 0.99° (0.997, ( <0.00:
Sine (Seasonal) 0.69- (1.957, . <0.00:
Cosine (Seasonal 0.45 (1.548, : <0.00:
Shading reflects the adjusted odds ratio (OR):
Strong protleNetuitvredal(.<§00.7/80))@v=atr.d30) sk

Bold text highlights the highest ORs of confirr
OR = 0Odds Ratio; Cl p< Co.n0pld,®n*xd ,0 AQ=rval ; **=*

Ref er enceRe Ktad gadbroi aedsgle(h ef at .popul ati on

ModeBeta nomi al regtemMBnk us ulnggh tomi:Begba no Miaanld;c
i ntercept: (Vhaerailatnhc ef a=c i0 .i3tlly6)t6r; a SIDa s=s 0C br6r2e7l; a® i ©
Di spersion0OpatvVodetirlf@z6097. 4,57BR2G-Hi; kel 3Hh0dBlevi; ar
761 7Redi;dual degr2&tGl&.f freedom:

Not@dds ratios and 95% confidhemoeniiaht ecegalessdeoen
The model includes fixed effects for district,
intercept for health facility.



3. &£f5 ect Modification by Demographic ar

A statistically significant interaction was o
(t a3Blbe |, which tests how the pediatric mal ari
indicating that the overall effect of age was

under five had significantl polpowat i mal afFioa @ d:¢
in Mul ob6Bz#A#0Q0OR951%. 6340;.00 B10)0 and=Quampa O9BORB C|
0. 4@W46B4<KLQ. 001) experienced markedly | ower odd:
reverse pattern. I n Kaoma, children wunder fi
compared teladabi s93WRGERK0,.10 @B)9, and in Mwand
more than =R009l4e ©OO®. GA=80;.10 ®A)73 )f.i glulrees e e x c ey
suggest | ocalized dynamics that may reflect d
transmission-spatehsctpddBbi sati o comparing c¢h
further reindemcgdaphic bBe3B@i adVneéiet ymosSttaldli st |
statistically protective associations for ch

attention.
3. enpor al and Spati al Trends i n Mal ar.i

Model |l ed temporal trends confir med 36t)r.onPge askesa :
occurred during the wet season months of Dec ¢
peri ods. Al t hough the amplitude and timing Ve
di stricts. The gener al p oppruel daitcitoend cnoanlsairsitae nrtil s

under five, except in Kaoma and Mwandi, where

The choropleth map of predicted monthly mal ar
patterns by demo®@BiZaphiNotgbdbyp afegédsodh paeg si
Luampa amvexbubukted el evated malaria risk acro

risk districts | i ke Sesheke and Sioma maint ai



Tabl ¢én3ebaction effects between district and demographi

<5 years compared to the gener al popul ation of the sam
Predictor Estim OR 95% ClI Pval ue
Kalabo I General 1.00 1.00 - -
Kaoma I Chil d 0.36- (1.289, . <0.00:
Li mulunga I Chil 0.32 0.72 (0.610, ( <0.00:
Luampa I Child 0.67 0.50 (0.404, ( <0.00:
Lukulu T Child 0.25 0.77 (0.678, ( <0.00:
Mitete T Child 0.32 0.72 (0.555, ( 0.017
Mongu T Child 0.31 0.73 (0.642, ( <0.00:
Mul obezi T Chilc¢c 0.91 0.40 (0.300, ( <0.00:
Mwandi I Cchild 0.73- (1.247, K 0.005
Nalolo I Child 0. 48 0.61 (0. 455, ( 0.002
Nkeyema I Child 0.08 1.08 (0.940, : 0.257
Senanga I Child 0.60 O0.54 (0.422, ( <0.00:
Sesheke 1T Child 0.66 0.51 (0.367, ( <0.00:
Shang' ombo I Chi -0.31 0.72 (0.453, . 0.184
Si kongo I Child 0.00 1.00 (0.796, : 0.961
Sioma I Child 0. 63 0.53 (0.368, ( <0.00:
Shadi reflects the adjusted odds ratio (OR)

ng
Strong prot éeMotdievet(e< pdioa @)Neiuve aL 016D 8BI &y at &
Bold text indicates the highest ORs of confir

OR = 0Odds Ratio; Cl p< o.n0pld ®n*d ,0 "Q=rval ; **
Referen®ef@amarpal( p&Kpalladoi dmnstrict

Not@dds ratios represent tphveal suteattiesttisc aMh eitrteea

(<5 years) in each district is significantly
represent the significance of the fhianaldischirlia
Reference group: General popul ation ibd newaxdhld
model with interactinkn terms and using a | ogi



Tabl ®©i 3 tsépiecti fi ¢ odds ratios comparing. children
Predictor OR 95% ClI Pval ue
Kal abo (Ref.) 0.770 (0.697, 0. <0.001
Kaoma - (1.050, 1. <0.001
Li mulunga 0.555 (0.485, 0. <0.001
Luampa 0.392 (0.318, O. <0.001
Lukul u 0.595 (0. 546, 0. <0.001
Mitete 0.557 (0.436, 0. <0.001
Mongu 0.565 (0.517, 0. <0.001
Mul obezi 0.308 (0.235, 0. <0.001
Mwandi - (0.969, 2. 0. 066
Nal ol o 0.476 (0.356, 0. <0.001
Nk eyema 0. 838 (0.753, 0. 0.001
Senanga 0.422 (0.331, 0. <0.001
Sesheke 0.396 (0.287, 0. <0.001
Shangbéombo 0.559 (0.353, 0. 0.0114
Si kongo 0. 775 (0.626, 0. 0.019
Si oma 0.4009 (0.287, 0. <0.001
Shading reflects the adjusted odds ratio (OR)
Strong prot eMotdievet(e< paioga @)Neiuve a0 030D 8B &y at &
Bold text highlights the highest of conf
popul ation.

OR = 0Odds Ratio; Cl p< (o.n0f<ld®n*pd , 0.fi@=®rval,; *
Referen®efgmarpal( popelaahi dnstrict.

Not@dds ratios compare children under five ye
estimates are deihiiwvnedii fal o motdleéd Tyl Ic obmédti i ngp-1
value here tests whether the odds ratio is si
bi nomi al regression model with interaction te

<5

year



Kalabo (Ref.) 0.056***

Kaoma
Limulunga
Luampa
Lukulu
Mitete Marginal Risok
Mongu PDrozs_ll:Ilslty (%)
;‘g‘a Mulobezi 0.308*** 115-30
o Mwandi | 30-45
Nalolo 7] 45-60
Nkeyema I 60-100
Senanga 0.422***
Sesheke 0.396***
Shang'ombo
Sikongo
Sioma 0.409***

Children <5 yrs General Population

*p<=0.051""p<=0.011""*p<=0.001

Figuéle B8t. map pl ot comparing adjusted odds ratios of <co

versus the general popul ation across all/l l6biandomirmailstr
regression mode&émawihtihc ai ndiegtarcitaton t er m. See Tabl e 3.
significance | evels. Od dbsi nroarti iad s raerga e d a1 iednes ndo @it madpni wic t b

interaction term.
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3.bi scussi on

The central contribution of this study dis the
the PURCDesi gned to resolve a fundament al c hal
absence of reliable, disaggnegla¢ealdt poipnunff at matni

By applying this met hod t o mal aria surveil/
demonstrated its ability to gedeusatedpmetvi oCs
metrics, in turn,alr,evikeamedgr asphgina.,f iacmdhtt esmpmdri al

risk. This included key insight-eantywatemwertei pg

as the significantly | ower odds of mal ari a a
pedi aski cnroutlier districts |ike Kaoma and M
surveillance.

3. Bt¥rengths and Limitations

The primary strength of this study is the dev:
solves a fundamental denominator problem in r
process to generate demogr awhheircealn oyn ed i psraegvgir oeugs
for rate cal cRhRURtmetilsgddlhegyC&sSmabl es a more r
di sease burden from standard HMI S dat a. Rat he
our approach crewmnherrsgiaz iumls @ bdbifesf aogngeradbgya tbeud, npmp u
with detail ed, but wunassigned, geospatial den
agepeci fic malaria proportions and odds ratio
ofrfieng critical i nsights -oinnltyo rreipsokr td ynnga noi bcssc utr
met hodol ogy effectively addresses a <cruci al

emphasi zed the urgent need for asscalrabdee famhcd |ri
denomilattdPrhse. SFKCBRO approach thus aligns strong
SDG 3, specifically Target 3.3, which aims to
di seased*Bryi tAx3xd.ly, the methodology demonstr e
adaptabl e, all owing for direct i ntegration in

|l nf ormati on Software 2 (DHI S2). Howeesrgi,ngpr a



several technical considerations, including c
updating of geosatitaWe’pbemd mstiront eddat-RUKR use
met hod using the case of malaria surveillance
applicable to other di sease contexts, i nclud
tubercul osit¥%5surveillance.

Whil e the met hodol ogy represents a significe
acknowledged. Our wuse of Euclidean di-wdralnce t
travel barriers |like road nertawordicsoBaANtcer maa
to refine catchment definitions-delSecedadpoptblka
esti mates, which carry potential errors from i
t o classify buiildhalygist aasnntds . e sktiinnad tl ey , our an:
considerabl e mi srsda mgmteesds manl & rhiea HMdtSa f or chi |
assumed a Missing at Random ( MAR) mechani s m,
introdudédi bi asal Ay, resi dual di agnostic analy
potenti al mi nor misspecifications in the I ine
precision. Despit eeftfheecste ensitniomatti esss areesntaal bnl eede draor
di agnostics were generally satisf acrteolrayt.e & ud a tl
Il im ted the interpretation of spati al vari ab
underl ying ecol wgi cvaédctdet eranb intaantt s I nfl uenci
|l ncorporating these variables in future reses:
observed geographic disparities.

Th
t e
en
un

wa

9 n2erpretation of Case Study Finding:

e observed protective association for <chil d
sting, di agnosi s, and treatment wunder natic
demi é3°&'P8asversely, districts showing el eve
derlying gaps in service delivery, geograph
rrant targeted investildgaffi%en opnd malai somaeds
cluded an interaction term between district



of spati al |l y -sdpeefciinfeidc, asnuablgyrsoeusp. This granul ar
mal ar i a risk dynami cs t hat ar e typmil galhleyal o Ib
i ndi ¢&% b°P0stb3. 163,164

3.9 mplications for Health Systems and [}

From a public heal th policy perspective, t h
strengthening routine HMI'S reporting to clea
reports, particularly for pedidatnrailcars b p opwelra
may be warranted in districts such as Luampa ¢
as i ¢ Ik regions t hroughout t he studlyeveéeér i o

demographic diff er enamrce d uigmteesrtv etnhtei onne esdt rfaotre ¢

to Il ocal epidemiological and health system co
Future research directions may involve testir
SCS®PMUR met hodol ogy within national HMI' S pl atf
assess practical scal abi |l it yo daonldo gsyu shtaasi ntahbel | g
be integrated into national HMI' 'S systems such
geospati al i nputs and | ocal capacity exists

integrating comndgl| emevtaaireyt ysaurnwegs data or acti
enhance wvalidation efforts and address existi

burden and healthcare access inequities.

Al t hough mal aria served asPUWR dneentohnosdtorlaotgiyo ni sc
generalizable and holds significant potenti al
any health indicator tracked tia, HiMi Sl sdisn g mma t
child health indicators (e.g., antenatal care
(e.g., tuberculosis case deteldtS'ofByléaptresy) i, diame
ministries of health and gl obal p ar tandg russ tweidt h
metrics, this approach enhances the ability tc¢

to dughlen areas, ramred arolrec adguirteshd vy . The op



met hodol ogy within national HMI' S pl atfor ms I
precision of subnational health surveillance,
(UHC) and the aerheileavene nStusdafai mehdBf.téA°Devel op men

3.@oncl usi on

The SFKKWBWRO approach fundamentally transforms t|

providing a practical, scalable, and adaptabl ¢
Demonstrated here using mal aridal sgnvcai l i amoe a
be broadly generalized across various health

served as a demonsPURt menhhaeasleqggyt hies SICIS®Dadl vy
di seases and surveil leannocnei nrae ®d s Wwher eesacnurn a
systems strive to Iimprove accountability, effe
3 targets, met -BUR elitldr asssbpt S&ESOt ool s for e

sur veiilmpamwa ,ng resource allocation, and pr omo



Chapter 4

Adverse | nterac

4 . Avervi ew

Background In low- and lowermiddleincome countries, progress towards Universal Health
Coverage is threatened by climaated shocks and chronic health system stressors. While the
disruptive effects of individual factors are known, there is a critical gap inrieaipevidence
guantifying their adverse synergistic interactions. This study introduces and empirically measures
the econosyndemic framework, which suggests that adverse interactions betweerrelatede
shocks (e.g., flooding) and healthsgsm stressors (e.g., low facility density) disrupt essential
health care services. We quantify this effect in Western Province, Zambia, gftowel region

with barriers to utilizing health facilities.

Met hwelsconducted a | ongitudinal ecological st
data from 62 health facilities across seven al
effects models to iIinvestigat eheianttehr ascytsitoennms chaef
three utilization outcomes: antenatal care (i
outpatient visits). We compl emented this appr

examine patrmgrahatemtvotenstructs of heal th sy

vulnerability.

Findings: High flood depth was associated with a reduced likelihood of ANC visits (AOR=0.731,
95% CI 0.620 to 0.862) and facility births (Adjusted Odds Ratio, AOR=0.923, 95% CI 0.859 to
0.992). Importantly, we identified strong adverse synergistic interactionsinifaet of health

facility density on births was amplified in vulnerable districts (e.g., Sikongo: AOR=297.4,



p<0.001). The SEMs explained a substantial portion of outcome variance (R? up to 65.2%) and

confirmed that health system capacity and vulnerability were predictors of service utilization.

ConclusionsThis study provides quantitative evidence of an econosyndemic within a elimate
affected health system. The findings demonstrate that the interaction between climate shocks and
health system stressors causes inequitable disruptions to essential heiaktls. d8widing health

system resilience as a strategy for climate change adaptation requires targetedspenifext

interventions that address these underlying systemic vulnerabilities.



4 . 12nt roducti on

The health effects of climate change are increasingly unevenly distributed, directly threatening
progress towards Universal Health Coverage (UHC) and the resilience of health systems in the
world's most vulnerable regioridealth system resilience refers to the ability of health systems to
prepare for and respond to shocks and stre8sord.: *8Hocks %o health systems may include
adverse effects of climate change, infectious diseases, economic crisis, and geopolitics, whereas
stressors involve supplyand demandide conditions.*Health system resilience seeks to ensure
access to health facilities regardless of crises, enabling equitable utilization of essential health
services to improve health outcomes and reduce disease Bifrdana foundation for health
system resilience, countries must ensure equitable access to health facilities, which is especially

vital for rural and remote communities in lote lowermiddle-income countries (LMICs). 7+ 169

In LMICs, acute environmental shocks such as seasonal flooding are accelerating in frequency and
severity, undermining efforts to improve essential services, including maternal and child
health! 7 9. THése climatalriven shocks do not occur in isolation; instead, they interact with
chronic, preexisting health system stressdrsuch as inadequate infrastructure, supply
bottlenecks, and geographic barriers to éasgacerbating health inequities and syst
fragility.? 3+ 1 7 Hebkl system resilience, often defined as the ability to absorb, adapt, and
transform in response to such shocks while maintaining essential functions, is vital for progress

towards UHC amid climate uncertairfty.r 1 74. 175

Western Province (WP), Zambia, exemplifies a microcosm of these intersecting challenges, where
climaterelated shocks in the form of variation in seasonal flooding converge with chronic health
system stressors, including low facility density and signifiggaographic barriers to caré.The

region is primarily covered by the Barotse Floodplain, an ecosystem that experiences extensive
annual inundation, often exceeding 10,000 km?, isolating communitied/fth more than 80%

of its population residing in rural areas, ygasting barriers to care are substantial; unimpeded
average walk times from community centres to the nearest health facility, for instance, range from
6 to 13 hourd.°These distances far exceed the-fwowr travel time threshold recommended for

accessing essential health services, which equates to a maximum walking distance of



approximately 10 km under optimal conditich: 8 ®L.71%While previous research has
documented the impact of flooding on health in the region, its effects on the utilization of routine
maternal (e.g., antenatal care) and child health services remain less undetSitud.
convergence of a recurring environmental shock with chronic, underlying health system stressors
makes WP an ideal setting for empirically investigating their adverse synergistic effects on access

to health facilities and utilization of firdevel halth care services.

Traditional analytical approaches that exami

to capture the complex dynamics'Whatl edrsiywna elme

theory offers a powerful C onc eopctcwa lr i yitga rdtiisreca
soci al conditions interact to produce an exc
| i mi t?22t%RAo®@si mary critique is that the fundame
is infrequently subjected to empirical testi
interaction effect; the majoritt$Foftbkeéunchoes,

theory has traditi elneavle-yp cf boecbu siendt eorna d tnida nvsi d(uea.
viol ence, and HI V)-l evaalh eir n ttehrapnl atyh eb est ywseteenm e n v
heal th i b rPéstédradcltyur ewhi l e equitable access

concept, it is notoriously difficult to measur
and % "%hé%@l th service wutilization, by contrast
reali zedpaowvessng the necessary empirical out

with health systems undé@r varying structural

This study introduces, defines, and applies
econosyndemi c. Building upon syndemic theory,
core concepts. The foundatideasdrsi heottelde iinnteer
broad,-| envaeclr oshocks (e. g., cl i mate chanegveel e c
stressor s-ahd. gsmasedpplry i ers to care). The 0sy
adver se synerbgeitsweiecn itnhteesrea cetcioonnomi ¢ and envi

v
produce an excess burden on a healP?P HR3syst en
n

coO

ceptual id4ded tihreskEi @quver se i nteracting condi

spatially and temporally uneven i mpacts on he



service utilization. | n this framewor k, we C

prerequisite for Universal Heal th Coverage, b
system achieving high |l evels foft hHC siystreamb s tc
mai ntain its functions and progress towards U
Therefore, this study aimed to empirically te
effects on health service wutilization in WP,
health facilitipsomerdsst rsiadtesl, fwe o dandweesrtsieg

interactions between anticipated flood expos|
empl oyed apamntbuamnal ytwioc al approaehfeauass ngothel
test specific i nucetruarcali omq wedtfiecn s maddl ss/talo e x
pat hways. The analysis focused on three essel
(ANC) trimester visits, health facility birth
hypbesized that the adverse interaction betwe
would produce spatially and temporally uneven

guantitative evidence of anl emahesyghedemhealptl



Econosyndemic

Macro Conditions Micro Conditions

Climate Change Supply-Side

(e.g., Flooding) (e.g., Workforce) <_

Infectious Disease Adverse H(ei?r}' ’?uq'?ﬁets)

(e.g.. Malaria) ShOCk Synergistic streSSOr (e.g., Health Facilities)

Economic Crisis Interaction Demand-Side

(e.g., Inflation) (e.g., Socioeconomic)

S (e.g., Behaviour)
Geopolitics ¢ (e.g., Travel time)
(e.g., Conflict)
Health Facility
Service Utilization
weeasacsnans dennn Utilization
: Stress
* System Resources
Strengthen ;
System Capacity Over- Under— Influence Demand-Side
Utilization
I Influence Supply-Side
T LR » Universal Health Coverage
3 v
T - Temporal sequence of events Health System Resilience
S - Spatial distribution of events
\_ J

FigurTehed .elconosyndemic conceptual theoretical framework. Ar econosynd
bet ween bileadkc|l mxomai ti ons (e.g., climate change mani feiseeel t hrough
conditions, whsictiei hatudes suiplpéythe quantidiyde ff eheetadrtsh Swech ldd i tesav e
interactions may influence the wutil i zeattihodm t dgoflvielr@diiutdhh |foazcaidlnidtay rsed ravtii cve
need, thereby wultimately impacting progress towards Unreinvceer soafl tHteeal t h

heal th system.



4 Met hods

4. Stludy Design and Setting

Zambia is a | andlocked country in Southern Af
according to the 2022 cens ut8¥%e satnedr na Pnraotviionncael i
into 16 administrative districts, and based o

1. 36 mi MRAieons.pati al distribution of the popul

residing in rural?®>%mdt hiesnog et tciomgnu nlh a1 reiser s, !
to access and wutilization of essential heal th
Mi ni stry of Heal th ( MOH) reported that WP ha
admi strati"WWesdiesthr Pcoyince is dominated by thi

River and characterized by e>tTPehnissi vset uadnyd evnaprli
l ongitudinal ecological design to analyze heal
facilities (i.e., centres and posts) where mo
operational fadk2)itTlekenoina hiWRie(rWwieglu as the prim
over-man?78 study period, from October 2017 to

restricted to facilities with monthly flood e

4. Ethics Approval

Et hical approval for this study was obtained
Ethics Be8B88B83)OREhe University of Zambia Bio
(Ref . N200.2 124 7r2enewed February 9, 20wRt4h) o r itthye N
Zambia (Ref. No. NHRA000009/2120/07/2022), and
Province. Permi ssions were giraentidf fed datea s
nati onal HMI S.
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A

FigurMap.o2f health facility |l ocations and administratiyv
include rural and urban health centres and posts (n =
di stricts, n = 7).




4. a3 a Preparation and Cleaning

Prior to analysis, the dataset was prepared by addressing outliers and missing data. As a form of
outlier analysis, any outcome proportions reported as greater than 1.0 were considered implausible
and removed from the analysis. Missing data were handiedg asompletecase analysis for each

of the three outcomspecific models. This conservative approach was chosen because non
reported values ('NA") in the source HMIS data are ambiguous, making it impossible to distinguish
between zero visits and a fakurto report. Consequently, the missing at random (MAR)
assumption, which underpins standard imputation techniques, could not be confidently met. While

we acknowledge that multiple imputation is often recommended for its robustness in handling
missing RHISdata, we opted for completase analysis to avoid introducing potential bias from
imputing values of unknown meanif@issingness rates varied by outcome: approximately 11%

of facility-months were missing facility births data, 5% were missing general outpatient utilization

data, and a higher proportion were missing ANC data (24% for 1st trimester and 41% for 3rd
trimeste visits). The use of oamonth lead and lag flood indicators also resulted in the systematic

loss of the first and last months of data for each facikty. | statistical mo d e
processing were conducted us$ hgelgmnRTMBCermpidan g4 .
DHARMa ggrgce f p @a c k BOG 'SR AE5S umpti ons wer eDHi/sRMa sed
package by e X a+hiarsierdg r ®ismuluatl isonf or uni for mi-tt
overdi spersion. Final mo 422,43 , 0 udtdppdu trse,p-e L & s eongti ¢
coefficients, standard errormpyval 98%. cFneddened

effects were gogrerfiffeelisgsi hg @&ahd in in%teérpreta

4. Pud come Vari abl es

Longitudinal data on health service wutilizat
Management | nf or mefTihorne eS ydsitsetm n(cHMIhS®)a.l t h ser v
were modell ed as proportions. First, the pr o]
dividing the monthly number of reported del i



reproduct i ved9 gyer sOWRAn tlhse healht ha sf aséhi®OF Rt yiors
6 j72! whedE9°E the monthly proportisntdhfe meanlbt
of births d2 hpa@that@aad@méiitsy the number of WR/
health facilit@8ecandhmantenatal care (ANC) wa
of first and third trimester visits, which we
106, #P1 . @ jpmihy  #91 . & jpniwhede8ndl #dre proporti ol
first and third trimes@elr. dhearle ht feacridp aryt evd sj
of first and .t hThidrd, itmeestreat e« i sfi tggener al ut il

mont hly count of outpatient Vvisits. To prepa
interpretation, it was scaled -poopoviaé nere dep w
a §°0EIg jpTrTwrhec'bO@iEis the scaled general wutilizatio

and is the monthly generfalciQtiithyi'@ a &b o e tAIns/i me
outcome proportions reported as greater than
the analysi s. Because the beta distribution i
continuity transformatioactbyafOyoobdervadspwa

Smithson and Ve kudi t&np apfdg,oaachnecessary ste
regression nubddesl Itime .t rHemrsf,or med proportion,
(0,al)i,s the original pr opdrst itchre (tpasadi bnluymbC ror

used for the transfor mati on.

4. Predictor Variables and Covari ates

Heal th facilityocatchmanhel mreasi mate popul ati
geographic access, we developed and applied
Catchment Area (SCSO). This approach address
informatioohsypétems| awhireliable, demographi c:
health facility service areas. The fulll det ai
" The methodology used to define health facility catchr
the '"Predictor Variables and CoRUR I i mdtelsodasludbgye citd otnh &
separate manudcri pmanuGlirampdt satbmatted for publicatior



met hodol ogy are described in a separate manu:
publication). The met hodol ogy siarmgtge gergaatt eed ttwd al
popul ation estimates for eachthealt Of facel i( Cy
resolutideyrisatdelghideled popul ation data from

Layers 7¢HR¥ScLh) .poopudmigied d cell from the HRSL de
Popul ation Under Rooftop (PUR) wunit, providin
SCSO for each health facility was constructed
Eucli deae diast @al cul ated between every PUR an
Then, for each facility, the algorithm began

sum of the populations of the copubkatednPURSEI
for that facility's catchment area. This proc:¢
number into a spatially explicit and demogr aj
populwvweiigohmht ed centiomigd PUR ttchestesulserved as t
time calculations (refer bel ow). Popul ation d

1599 yrs) were derived from the aggregated PU

areas.
Popul ati on Taod jaucsctonuemtt sf or dynamic changes in
time, denominators weree iddjcuatnends ad s iProgp ud iadti roin

calcul at ed U2s02n0y Z2ambi 201Dt at i st i csyrAgeinstr iecs
aveagdlyFor years prior to the 2022 baseline,

usi ng:

whelrsei s the esti mated catQt b mewéap dhel atninarali mpo
growth ratQ® &nddissttrhiectpopul ati on. imor20t22e (DG

projections, estimates were compounded from t



These adjustments were applied to all popul at
WRA .

FIl oodwat erThey dBarlotgsye FIl oodpl ai n Ssa hoanrea no fA ftrhi e
| ocated on the Zambezi River in WP. While the
of average annual precipitation, i'ts ,exitsensi
predominantly driven by-ccptetdimgint at i omheire tGmna
approximately 1,400 mm. To capture theBR, dyna
an advanced hydrodynamic model d%Tshieg nneadd eflolri nf
wor kfl ow, specifically developed for this rec¢
di scharge hydr ogr’dprthse sfer ohny dcrloigmaatpeh sd amear.e t hen
LI SFL®®D mod el to simulate floodwater hydrol og
2017 to October 2023. The model generated mon
water depPtOh m m)e,sodsut9% on rasters. From this mo
and cat elgoojn<iOz. e2d fre)y e nMeed iOu.mt (nd).,2 and Hingohnt(h>0. 4
|l ead version of this variabl e wast asefd amt it dieg

fl ooding.

Tr avel di st Sreveerahd covmei ates were construct e
tempor al factors. Geographic access was model
cal cul ati Adg nteh aissttraanicgeh tb-we wglehed heepopoal @dt o fon
and its health facilgbiwvenudiyng the Law of Cosi

Q VYIAOADE®D OE% Al % AT ®» AT O

whe®Qd s the distafficRURet avetemoPdn)ic md rt ch %of ®icrithet y
|l atitudei 6rabdeahengitrudet heaBa®&nE&NE Tamds udsi st a
was then divided by a walking sp&edjowvhé&r &m/ hr
“Yis the estimated wahkidng hedkn he@wsehheyPURV

di stanceO(kEmtheawdPXi agelspeiete was 2hédmucate



ref ey eaibeé hrurs. The >5 hours travel ti me cat
analysis because it-monhhaiobheseér vabi dresv tftacall

estimati on.

Seasonality andoteaemdcdpoasal foremsesasonal ity and u
models included a |inear time trend represent
t wo harmonic ter ms, calcul ated as the sine an

0QaQ OEF+— andQaqQ Al &6~

Di s tl reiveetl heal th facility supply was measured
facilities per 1,000 WRA and the number of
administrative district wakaliahbcad udiede faaiseart dfea

category.

4., Bt@ati stical Analysi s

Beta Redgraecshsiofin the three outcome measures w
regressidmemit seadnodel s with -aul bgdt fbrnkropora
is often skewed, heteroscéidfehet ioud gaonua,b oausnsduende

to follow a «et"ah OAiP&Ewhied eit s omhe mean of the b

for obsH@Qa®#éi dns he precision (i.e.witmhvaermearm

and a preci %i ohhe avamedrace of the distribut

paramet ersA® gi‘'vem ‘byjp %The model 6s | inear pr et
to the mean via the 1bGEO llli'Qqtkp f unctTihen gkafeirn
structure for each model included fixed effec
health facility to account fofrevepbehéeétdr mgasnaeai
by T CEO ¢ 7 6 whefries the i nitsertcheeptr,ow vector

(e.g., district, timepi 1 bbd debumn -mkbdé cteas

coefficbentm),, iasnd he hdalvted framidMit @intppearcamdt.



were estimated byl inkaexliinniozoidn gi lbGhdeisdBsdy usi ng

B I Ids Mow.For each outcomeffwetsi modeli i nal mdi
exposur-moftepd dravel time, the relevant heal!
and seasonality tweaysintSebaeqgiue mtstegdr nosnwa ehreeo r te
relevance. These included interactions betwee
and health facility supply, and, for the ANC
and ANC visit typeté¢fivssiws). thindl t mo del S
corrected Akaike I nformation Criterion (Al Cc),
whil e also considering theoretical coherence

StatisticBdt a nffegreeaxxxsi on modedsdwergnbldsednon
mMtv For each predictor, fi-@adl enodeé¢ f foiudipeaurtts, i
(SE), adjusted odds ratio (AOR), andpvtéaleueorr e
An association was consi dpevrad du es twaatsi slteiscsa | tl hya ns
95% ClI for the AORs did not include 1.0.

Structur al Eq ulaot icompNMaednelnlti ndie beta regressio
Model s (SEMs) were used. This approach was <c¢h

of the econosyndemic framework by examining b

enw onmental shocks, | atent health system cons
model |l ing unobser Sodiloetcomto md (cB &W JHweaanl df hfi oSy tsy e
CapacH®€¢) , SEM all ows for a mer e yreuannc ecdo nadni atli
medi ate the effects of observable predictors
devel oped, each corresponding to one of t he
facility births, and wenerabeatfl edawi obh. aAlmle
defining the | atent variables, and a structur

pathways. The model s wleavpashk'd@des.tendp liony eRI uwas irn
maxi mum | i kelihood estimatono(MBAR)tyoiactbentd
Ful I Il nformati on Maxi mum Likelihood (FI ML) to
assessed against eodamiEissth d d dti hcreess: h aal dCso nfpoarr ag

> 0.90, a Root Mean Square Error of Approxi ma



Mean Square Residual (SRMR) < 0.08. The ti me
in January 2018 to align with the statfteveefl t he
analysis, which began itmo@thobbsel0at?vi ¢gnsefro
to August 2023).

The measur ement component of the SEMs defi nec
HSC, with variable definitions provided in Tal
speci fiedi ndki caatwirngllaet ent variahl ef mecasutheadl b
catchment popul ation withimanhawresagtehiwal rhe angur
is gi ¢tOAER pi3z w6 -4CA0Ahes BABAR s the proportion
faciclattyyment p@&wirtsh i inr alv elt rtiicmme 3b%aG sweehe2l and

variable for socioecon®miat®vsultnheer aerirl @ pb6yt & rom

indicator. The measurement of HSC was adapted
health facility births models, HSC was indica
facilities per 1,000 WRA aln,d0 bt eg enruenrbaelr pdp thlea
(&2' _i(3# -72 (&M _i(3# - Auner&2'is the observed

which is the number of healQ_hh &aaneitheifacper |
(3#s the | atenf svarhiealminée quaendneas@u&®imeditcaroor

Il n contrast, for the gener al utilizatdtome mode
number of health facil idotaisest hper dle,nCOl ngamar als
to manmernal health seat&fcei¢3whitmherserisfithed I
number of health facilitiesQpe8# sl,tOed Igaetneerrta |
HSC in @i sbtMisctt he uni que measu(r&e%enndti cartroar. tF
gener al utilization,-bandg Hheal tghe nfea ail |l iptoyp ud ar
indicator for HSC. The structural component o0
| atent constructs (SEVianeésHS@nd the okseerece
outcome. I n each model, the direct-sebfectwi dh
onmonth | ead), a |inear time trend (months si
cosine) ome twhee eo uetscta mat ed simultaneousl! y. Th
devel oped: the first evaluated the pathways i

given by:



W Fr 1 t3wer ft(3# 71 t&l 11 A$SAPOE
T to 1 tOEd 1 tAT® -9

wheeis the proportion of ANCQ tirn Mecinnehld@ ivsitsriitc

I is the 3W(SHareptt he | atent varki abA8ADAEhaef
standardized fl oo@ watehedmpnhnhhsnsidheeérilé st

OE§d MT ® are the harmonic terms -&dpt urhieng etsh e usa

term for ANC trimester visits; the second ass:

@ FO0FC 1 i3%6 1 f(3# 1 t&l 11T A$SADPOE
1 to 1 tOEd 1 tAT & -9

whed ECPEL t he proportion of "Qenalm@ntihac@i atngi o

- ithe residual error for births. Al ot her m
model ed the factors affecting gener al utiliza
POEk 1 f{3%wet t(3# 1 &1 T 1T ASADPOE

T to 1 tOEd 1 tAT® -°

whed®Fls the proportion of gener al uti Qizati on
monfhin @i ashidslcee residual error for general ut

are described above. Theé) st aoahat dezed mpdehsce
Tabdée with the path di d5244a@s 4daAldudt it adadai prE

visualization, and statistical analyses®were ¢
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4 Rlesul t s

4. Helh FAa i Obgegr vati ons

The final analytic damasneth obseiryvyiaed ool 41 46 mMm3
across seven districts. Descriptivedlst &Atmiontyi C
complete cases, the mean proportion of 1st tr
facilaisteyl births averaged 1. 0% of themoWRASpoOp!
(95.2%) corresponded to caltcthimntlodainr0sa & ow it thle
heal th facility.

4. Be2 a Regression Modelling

Antenat 8everaale factors were significantly as.
trimester 42) si Comgdabtleto | ow flood depth (1l e
associated with | ower odds of ANC < s0Q.tG601()AOI
Among the seven admini skalaghbviemudliusntgrai cdtiss tarnidc t
notably higher odds of ANC visits (AOR = 1.51¢
negative temporal eaemdadvaist iobrsalr vieadnt wi afisoci
odds of ANC visits (AORpx 0.994) ,98%p@Lttfedn9 938

44 Seasonality also contributed, with the <c
association (AOR = 0.p23, 099%.CIThe0i &T7T®rat9Dd
type and flood depth was m™M8Y), stbadi-stehieg ad dhdt i
di stribution of predicted®.probabilities are s
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Tabl ®&de4cXi ptive st atnosnttihc so bosfe rhveaatlitohnsf aci | ity

Variable and Level N Perce Mean SD Medi a | QR Ran

OQutcome (Proportion

ANC First Trimest 3,4 - - 40 26. 33. (20i53. 8
ANC Third Tri mest 2,6 - - 36 22. 33. (18i50m.0
HF Births 3,9 - - 1. ¢C 0. € 0.¢ (0.14030
Gener al Utilizati 4, 2 - - 0. ¢C 0.¢C 0. (070102
Admi ni strative Dist

Kal abo 99. 22. - - - - - -

Li mulunga 1, 3 30. - - - - - - .
Lukul u 21: 4 . - - .- - - .-
Mitete 14; 3. - - - - .- .
Mongu 1, 2 27. - - - - - - - -
Nal ol o 49" 11. - - - - - - I

Si kongo 71 1. - - - - - - .
HF Type

Heal th Centre 2,3 52. - - - - - I
Heal th Post 2,1 47 . - - - - - - .
HF per

1,000 WRA 3, 4 - - 1.1 0. 2 1.2 (0.49031
1,000 Gen. Pop. 3,4 - - 0. 2 0. ¢C 0.: (0.iP232
Ti me Period

Mont hs Since Stud 4, 4 - - 35 20. 35. (17i53. 0
FIl ood Category (Cur

Low (<0.2 m) 56 12. - - - - - - - -
Medi umo.(D) 2 2,2 50. - - - - - - .-
High (>0.4 m) 1,6 36. - - - - - - I
FIl ood Category (Lea

Low (<0.2 m) 50 11. - - - - - - - -
Medi umo.(D . M) 2,3 52. - - - - .- .-

Hi gh (>0.4 m) 1,6 36. - - - - - - .
Travel Ti me to HF

0i2 hrs 4, 2 95. - - - - .- .-
215 hrs 21: 4 . - - - - - - .
Avg. Travel Time ( 4, 4 - - 6 4. 4 2. 58. (31i940. 8
Avg. Travel Distal 4, 4 - - 5. ¢ 3. ¢ 4. (2.16090

C
NotRt:ati stics are presented as n (%) for categorical awme
Medi an (-QAQR; Qhless otherwise specified in the 'Lev.el"'N
continuous variabl esmir®9pi egreoinatsh Itohesyea o/uantti omfs Mo t hat
October 2017 to October 2023.

AbbreviANGC oAsten&eal ,Campamer al HRopelad tt iHoQiRa d inlt ietr yg;uMl,r tN u neb
observal i 8nmandarWRMeWomeinowf Repiddd weetairvseg .Age (15
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Tabl 8e4 a2 r egr eesfsfieocnt smioxffted act ors ass.ociated with ANC tr

Esti ma

Predictor (liogds' SE 95% ClI AOR 95% CI P val
(Intercept) 0.286 0.1 (10.027, 1.3 (0.973, 0.07
ANC Visit Type (

First TRdfjnest e - - - - - - - - - - - -

Third Tri meste i0. 155 0.0 (i0. 318, 0.8! (0.728, 0.06
Fl ood Depth (Lese

Low<0. Ref) ( - - - - - - - - - - - -

Medi umo . (D . M) i0.093 0.0 (10. 218, 0.9 (0.804, 0.14
High (>0.4 m) i0.313 0.0 (10. 478,14 0.7:. (0.620, <0.00O0
Administrative [

Kal qRoedf . - - - - - - - - - - - -

Li mulunga 0.4180.1' (0.045, 1.5 (1.046, 0. 02¢
Lukul u 0.3550.3:. (i0.304, 1.4, (0.738, 0.29
Mi tete i0. 063 0. 41 (10. 846, 0.9: (0.429, 0.87
Mongu i0.1200.212¢ (0. 506, 0.8 (0.603, 0.514
Nal ol o 0.3380.2. ((0.137, 1.4 (0.872, 0.16
Si kongo i0.2400.5. (i1.300, 0.7: (0.273, 0.65
Travel Time (Wal

0i2 hResf) ( - - - - - - - - - - - -

2i5 hrs i0. 345 0.3:; (10. 982, 0.7t (0.375, 0.28
Ti me Period

Mont hs since s i0.006 0.0 (i0. 07,00 0.9* (0.993, <0.00
Sine (Harmonic 0.0450.0: (10.017, 1. (0.983, 0.15
Cosine (Har mon i0.0800.0:; (1I0. 19,03 0.9: (0.879, 0.001
I nteraction Tern

Vi si t3FTyopoed Dept

First TPiLiofReesf)t e - - - - - - - - - - - -

Third T¥rMende sutne i0.0440.0¢ (1I0. 225, 0.9 (0.799, 0.62
Third T¥Hingehst e i0.0150.0* ((0.201, 0.9: (0.818, 0.87
NotResul ts from a beeftfae crt edgOrReosdselljowns tnel dC ¢Q@dCQlosn fRiad & ®E e Slt ratnalre
Ref, Ref er e AdNE€ Qattegqartya;l Care measured as trimester vVvi s

Level s of “Sp<gnmi. f@sg Ot des 0.*C*0 1.
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Main Effect: Flood Category Interaction Effect: Flood Category x ANC Visit Type

(Facility ANC Visits) (Facility ANC Visits)

60
2
c
h=]
£
ésn
o
o
2
=
o
1
o

40

Low Medium High Low Medium High
Flood Category (Lead 1 Month) Flood Category (Lead 1 Month)

@ Flood Category @ First Trimester @ Third Trimester

Shaded areas indicate 95% confidence intervals

Figure 4.3Predicted proportions of antenatal care (ANC) trimester visits based on flood category and their interaction
with visit type. It presents the predicted proportions as a percentage of health-fasibty trimester visits (i.e., First
Trimester vs. ThirdTrimester), derived from the beta regression miiedigécts model. The left panel illustrates the

main effect of the flood category (lead 1 month for low, medium, and high floodwater depth categories) on trimester
visit type. The right panel demonstrateg tinteraction effect between flood category and ANC visit type. The
predicted proportions are shown with shaded areas representing 95% confidence intervals.
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Oct 2017 - Sep 2019 Oct 2019 - Sep 2021 Oct 2021 - Sep 2023 Oct 2023

T

Mean Predicted Probability
of ANC Visits (%)

First Trimester

Third Trimester

FigurSpat.esmpor al distribution of Antenatal Care (ANC) trimerster visit:
visits (%) across the seven study Seépsembetrs 2010%e Ocaamtbeer M2OABr i Odtso b
202Beptember 2023, and October 2023 are presented. Meairf peedsct ed pr
model ( Thhélégend ihdicatds the ranges for mean predicted probabilities (%). Legend colourdéadsd on equal intervals across

the range of predicted probabilities.
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FIl ood Depth (Leac
Low<0. Ref) ( - - - - - - - - - - - -
Medi umo . (D . M) 0.0210.0: (10.029, 1. (0.972, 0.40
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Mon@gHdF / 1,000 i0.093 0. 3¢ (iI0. 868, 0.9 (0.420, 0.81
Nal dpHB |/ 1,000 0.3050.5: (0. 740, 1.3! (0.477, 0.56
Si k o3rHgFo / 1,000 5.6951.7( (2.359, 297. (10. 6, ¢<0.00

NotResults from a

HE Heal t WRHAacWolmetny ;o f

beef tf ae crt eAgOrReosdsei j ouns tnel dC ¢Q@IdGlosn fRiadt & ®E e St mmtnalre
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Main Effect: Flood Category Main Effect: Travel Time Interaction: District x Facility Supply
(Facility Births) (Facility Births) (Facility Births)

Kalabo Limulunga Lukulu Mitete

2.0

g 15 \
c
S —_—
S
g 08 12 16 2.0
i Mongu Nalolo Sikongo : * : B
©
2
2
& 1.0

0.5

Low Medium High 0-2 hrs 2-5hrs 08 1.2 1.6 20 0.8 1.2 16 20 08 1.2 16 2.0
Flood Category Travel Time Category Facilities per 1000 WRA (District-Year)

@ Flood Category @ Travel Time Category I Kalabo M Limulunga Lukulu Mitete Mongu Nalolo I Sikongo

Shaded areas indicate 95% confidence intervals

Figure 4.6 Predicted proportions of health facility births categorized by flood category, travel time, and the interaction effeltitifctheith

health facility supply. The predicted proportions (%) of health facility births were derived from the betaoegréssiéeffects model (detailed

in Table 4.3). The left panel displays the main effect of flood category (i.e., Depth: Low [<0.2 m], Medilo @3, High [>0.4 m]) on health
facility births. The middle panel illustrates the main effect of travel tiategory (i.e., Walk speedi @ hrs, 25 hrs) on health facility births.

The right panel depicts the interaction effect between the administrative district and health facility supply (i.eadigthfer 1,000 Women

of Reproductive Age [1%49 yrs], districi year) on the predicted proportion of facility births. Predicted proportions are presented with shaded
areas representing 95% confidence intervals where applicable.
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Figure 4.7 Predicted temporal trends for health facility birth probabilities by administrative district. It shows the
predicted proportion of health facility births (%) over the study period (Octoberi2@ictober 2023, with daxis
labels extending to 2024 for trérvisualization) for each of the seven study distrikiatabo (Ref), Limulunga,
Lukulu, Mitete, Mongu, Nalolo, and Sikongo. These probabilities were derived from the beta regressieaffacted
model (see Table 4.3). Théaxis denotes the predicted proportion of facility births (%6).
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Oct 2017 - Sep 2019 Oct 2019 - Sep 2021

Mean Predicted Probability
of Facility Births (%)

0.57-0.82
Oct 2021 ~- Sep 2023 Oct 2023 0.82-1.08
1.08-1.34

. 1.34-1.59

Figure 4.8 Spatioctemporal distribution of the mean predicted probabilities for health facility births. The mean
predicted probability of health facility births (%) across the study districts over four distinct time periods: October
20171 September 2019, October® September 2021, October 202%eptember 2023, and October 2023. These
probabilities were derived from the beta regression niixiects model (Table 4.3). Legend color bands are based
on equal intervals across the range of predicted probabilities.

Gener al Ulthiel iaznaatliyosni s of g44n)e rraelv euatlield zsaetvieorna l(
Paradoxically, bot p< me.dd WIn) (AR bhp<glh01l(@DAAR =f | 1lo.
depth categories were associated with higher
flood cat el§dryRERagpbM®i tete district had high
= 0.014), while Mongu badO0|l ow&y ofdidgerf AORI =u i
density of hed®Il0tOh gfeaeirlailt ipogpupearnt i bn was asso:
measured utilizati ogan OudDC@GdMme FSNAORNg Oe@Pgdr al 2
observedlQFiglihe interaction between high flo
Mitete 0(011) pmnndO0O MOAPYU, (i ndicating different.i
(Figure 9jJempbeaspdibsodori bution of prdtiicted p

11
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Main Effect: Main Effect: Interaction:

Flood Category Travel Time Flood x District
(General Utilization) (General Utilization) (General Utilization)
Kalabo Limulunga Lukulu Mitete
0.06
0.04
Mongu Nalolo Sikongo Low Medium High

<L

Predicted Proportion (%)

o
o
[¥]

_—

Low Medium High 0-2hrs 2-5hrs Low Medium High Low Medium High Low Medium High
Flood Category (Lead 1 Month) Travel Time Category Flood Category (Lead 1 Month)

0.00

= Flood Category (Lead 1 Month) = Travel Time Category I Kalabo M Limulunga Lukulu Mitete Mongu Nalolo I Sikongo

Shaded areas indicate 95% confidence intervals

Figure 4.9Predicted proportions of general health facility utilization based on flood category, travel time, and the interactimfiflefidatith
administrative district. The predicted proportions (%) of general health facility utilization (i.e., outpatimntjesieed from the beta regression
mixed effects model (detailed in Table 4.4). The left panel displays the main effect of flood category (i.e., Depth: Low [M@&iunj, [0.9

0.4 m], High [>0.4 m]) on general utilization. The middle panesitlates the main effect of travel time category (i.e., Walk sp&@chr8, 25

hrs) on general utilization. The right panel depicts the interaction effect between flood category (lead 1 month) amctbrdissict on the
predicted proportion of geeral utilization, showing separate lines for each district to illustrate predicted utilization across flood categories (Low,
Medium, High). Predicted proportions are represented with shaded areas indicating 95% confidence intervals where applicable.
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Figure 4.10 Predicted time trends of general health facility utilization probabilities by administrative district. The
predicted proportion of general health facility utilization (%) over the study period (Octobeir 208ist 2023, with

X1 axis labels extending t®24 for trend visualization) is detailed for each of the seven study diskattho [Ref],
Limulunga, Lukulu, Mitete, Mongu, Nalolo, and Sikongo. Probabilities were derived from the beta regression mixed
effects model (Table 4.4). Théaxis represents the predicted proportion of general utilization (%).
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Oct 2017 - Sep 2019 Oct 2019 - Sep 2021

Mean Predicted Probability
of General Utilization (%)

0.023-0.025
Oct 2021 - Sep 2023 Oct 2023 0.025-0.027

0.027-0.029
0.029-0.031

Figure 4.11 Spatia temporal distribution of mean predicted probabilities for general health facility utilization. The
mean predicted probability of utilizing general health facilities (%) across the study districts spans four distinct time
periods: October 2017 Segember 2019, October 2019September 2021, October 20RSeptember 2023, and
October 2023. Probabilities were derived from the beta regression -gfiteats model (Table 4.4). The legend
provides the ranges for these mean predicted probabilities (Y@nteplor bands are based on equal intervals across
the range of predicted probabilities.
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Tabl ®&e4c5i ption of variables and constructs used

Vari abl e
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Tabl stan@ardi zed structur al path coefficients
. . ANC Mode HF Births Gen. Utili
Variable Path and Descri g yajye (P value (P value
Factor Loadingk® (Standar
Socioeconomic Vulnerabil
SEYW ~Travel i5Tihmes )( 2 1. 00407 1. 0007 1. 0007
Health System Capacity (
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HS@ ~ HF per 1,000 Gen. 1. 02<00.001 0.837 [0 1. 0009
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Mont hs SAGea.StUait i ze [- 1- [-1- i0. 3[8<30. 00:
Sine (HAGmoni &Jxilize [-1- [-1- 0. 5820. 001
Cosine (H&emoniUt) I i ze [-1- [- 1 0. 2[2<90. 001
Latent Variable Covarian
SEV ~~ HSC -0.016 [O 0.009 [O 0.002 [O
Model 2FVari Rnce Expl aine
ANC Trimester Visits 0.268 [-1- [-1-
HF Births [- ]- 0.438 [- 1-
Gen. Utilize [-1- [- 1- 0.652
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Structural Equation Model: ANC (Trimester Visits)

Exogenous (Observed)
(z—score) 1,000 WRA

(]
[ Indicators (Observed)
T 1320935 "] Endogenous (Outcome)
0.98 B Latent
. <

Directional Regression Paths

|FloodDepﬂlJ ‘ HF per ’

----- Covariance

SEV Socioeconomic Vulnerability
HSC Health System Capacity
WRA Women of Reproductive Age (15-49 yrs)

0.16 *** Trimester -0.35 " GP General Population
Visits HF Health Facility (Centres and Posts)

* p<0.05
** p<0.01
*** p<0.001

Figur&td4utural equation model path diagram for Antena

Structural Equation Model: Health Facility Births

Exogenous (Observed)
(z—score) 1,000 WRA

(]
[ Indicators (Observed)
T 13&ng || Endogenous (Outcome)
1.19 B Latent
- -

Directional Regression Paths

|FloodDepﬂlJ ‘ HF per ’

----- Covariance

SEV Socioeconomic Vulnerability

HSC Health System Capacity

WRA Women of Reproductive Age (15-49 yrs)
GP General Population
HF Health Facility (Centres and Posts)

* p<0.05
** p<0.01
Time Harmonic ** p<0.001
(Sine)
Figur&td4utBural equation model path diagram for health
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Structural Equation Model: General Utilization

‘ Flood Depth [ Exogenous (Observed)
(Z“s‘?°'°) ["] Indicators (Observed)
‘ v 1%’8092", ["] Endogenous (Outcome)
Tgvgl;:‘-me ‘ 0.02 : ‘ B Latent
I il 1.00 <— Directional Regression Paths
""""""""""" Covariance
100 o002 " -
Months Since Start SEV Socioeconomic Vulnerability
0.24 *** ‘ (n=68) HSC Health System Capacity
~ 3 > u GP General Population
=047 *** 2y ) =0:38:%*% HF Health Facility (Centres and Posts)
>l General L&
| Utilization |
¥ % * p<0.05
0.58 ** 0.23 ** p<0.01
o 7 *** p<0.001
Time Harmonic Time Harmonic
(Sine) (Cosine)
Figur&tdutdural equation model path diagram for genera

4 bl scussi on

To the best of our knowledge, this study introduces the first quantitative evidence of an
econosyndemic within the health system of Western Province (WP), Zambia. Our results illustrate
that the effects of climate shocks are not uniform; rather, theyigaéiGantly conditional upon

the underlying capacity of the health system. The most compelling evidence of this is a powerful
synergistic interaction affecting facility births, where the protective effect of higher health facility
density was markedly artifped in the most vulnerable districts. This effect was most pronounced

in Sikongo district, which exhibited an exceptionally large adjusted odds ratio. This is likely a
result of the district's very low baseline rate of facility births, where even asmabeolute
improvement in utilization produces a dramatic relative effect. This key finding is corroborated by
a series of related effects: increased exposure to seasonal floods is associated with a decline in
antenatal care (ANC) trimester visits, whip@radoxically, general utilization of services increases

in some regions and decreases in others. Collectively, these findings confirm that the interaction
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between climateelated shocks and chronic stressors results in heterogeneous patterns of service

disruption, leading to both undatilization and oveuutilization relative to actual needs.

Qur finding that high seasonal flood exposur
trimester visits and health facility births w
of international research.t3has avcdiemicealkoméai
essenti al mat er nal and newbor n -phreoanl e hr esgeirovni sc e
direct parallels; in Bangl adesh, for exampl e,
from skill edawirmg iidregtsi tantdi onal del i vadrfiecd ewvder
areas, with the impact being morel°Sewmedarl g,

women from households displaced multiple ti me
substantially less | {%hdliy relrmedco®insdi pdeé ¢u atoav
by research conducted in our specific study s
based study demonstrated that as floodwater

wal ki ng aomecessestto dteldivrery site within®Atwo hou
the flood's peak, an estimated 65% of women

providing a clear mechanism for the statisticse
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newborns at &% §%i ficant risk.
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paradoxi cal increase in gener al out paitTihent ut
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" The observed paradoxical increase in wutilization ma)
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mobile clinical support, or rdeicsoeradseed tiens ttihneg .r oSuitnicnee tHI
excluded as a variabl e i nmetthheo dcsu rrreesneta racnha | syhsoiusl.d F untcu

component to evaluate the role and timisndge g kehavinal
during acute shocks.
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epidemiol ogy. Fyegare xampllyesi a anfulnati onal healt

floods were significantly associated with 1inc
respiratorry’Siimifleacrtliyonsresearch following flo
mechani sms driving this trend, noting that co
di splaced settings |l ead to a higher inédi®dence

A systematic re¥$abar anocAsedcanfesubher corrobo

bet ween flooding events and a range of advers

from communi t°Oulre fdinsdeagesal i gns with existing
may severely resenbsctiaecesscbmpltéxmecare | ik
simultaneously increase tkbeweebvesakhtdamahedaf 0

Beyond these principal effects, the primary contribution of our study resides in empirically
demonstrating the econosyndemic framework. The strong interaction observed for facility births
provides robust quantitative evidence supporting the concept aomosy/ndemic. Specifically,

the positive influence of increased health facility density on the rate of facility births was notably
amplified inthe moss o ci oeconomi ¢ vdistrictseThigdonfiims thay the(ingo&cV )

of a climate shock is not farm but is conditional upon the underlying social and health system
contexts, a principle extensively discussed in the climate and health litératuré@arfindings

are consistent with conceptual models that conceptualize vulnerability to climate hazards as a
function of exposure, sensitivity, and adaptive capacity, which differ across various geographic
and demographic setting$.By demonstrating that enhancing a key health system com@onent
namely, facility densit§ provides the greatest protective benefit in the most vulnerable regions,
our study offers empirical support for the principle that targeted strengthening of heathssyst
constitutes a vital form of climate adaptation capable of advancing health ®8uitydRis
evidence underscores the foundational principle of the econosyndemic framework: that focusing
solely on individual conditions is inadequate, as it is the interaction between the environmental

shock and the systemdés clepthauicdmgs.t hat ul ti mat e
Further reinforcing the econosyndemic model, our analysis revealed a strong heterogeneous

interaction for general utilization. While flooding was associated with an overall increase in health

seeking behaviour, this effect was markedly attenuated in eathministrative districts. This
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finding demonstrates that the community and health system response to a climate shock is not
uniform and can be influenced by local context in complex ways. The geographic variation in
vulnerability is a wellestablished concept, with studies indicatingtteusceptibility to flood
impacts can vary substantially even among neighbouring communities, based on underlying
socioeconomic and environmental factdfs? - Althbugh our model did not explicitly identify the
specific factors driving this dampening effect, such heterogeneity suggests that unmeasured local
characteristiod such as differences in population density, hesdteking behaviours, or the
capacity of bcal health facilities to manage surges in outpatient &isitay modify the impact of

a largescale environmental shock. This contrast between reduced maternal care and increased
general utilization may also reflect underlying gendered priorities in heedtking during a crisis,
though our ecological data does not allow for a direct test of this hypothesis. This finding offers
additional evidence against a esieefits-all approach to interpreting climate impacts,
emphasizing the importance of geographic nuanced analysis to understand how and why

different segments of a health system respond differently to the same?$hock.

The results derived from our SEMs further substantiate the econosyndemic framework by
emphasizing the fundamental importance of latent, syieat constructs. Our observation that
bothHeal t h Sy st e man@ 8HYaearie asyrobsttiBeCt)predictors of health facility
utilization confirms that foundational structural conditions are primary determinants of access to
essential firstevel health services. This observation corroborates extensive scholarlyitgerat
highlighting that a health systentapacity to endure shocks is dictated by its intrinsic resilience
and the susceptibility of the population it ser¥és. BY®operationalizing and quantifying these
latent constructs, our research transcends the analysis of individual variables to empirically
demonstrate that these broader systemic characteristics ultimately influence health outcomes amid
environmental challeges! ® 7+ THi& serves as a compelling rationale for policy initiatives to
prioritize not merely discrete interventions, but the enhancement of overall systemic capacity and

the alleviation of socioeconomic vulnerabilities as central strategies for climate adepfatio? © 8
A key finding of this study is how the role o

whi ch, when taken together, provide a deeper

beta regression models i1idedictoedofl|l cediving e a
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SEMs reveal t hat this effect iI's not direct.

fl ood"' s i mpact i s medi ated thooagne!| yheHS@s
SEY.?2h this model, the flood acts |l ess as a d
as a catalyst that -eexxipsotsiensg aweda kenxeascseersb aitne sh epar |
magni fies urtl¥ehils ifnign SiEVgs .i s arguably the mos
centr al hypot hesi s, shifting the focus from

resilience of a community and the health syst

4. BStXrengths and Limitations

This study possesses multiple notable strengths. Its foremost contribution lies in the novel
application and empirical validation of the econosyndemic framework within a cliraaterable

health system. It advances beyond mere descriptive studies byhyngrihe crucial interaction
between a climateelated shock and chronic health system stressors. The analysis utilizes a
substantial, multyear longitudinal dataset encompassing an entire province, thereby enhancing
the generalizability of our findingwithin this region. Moreover, a robust tvpart analytical
methodology integrating beta regression mixetfects models to test specific interactions with
structural equation models to explore latent sydtaral pathway8 offers a comprehensive and

methoalogically rigorous evaluation of these intricate relationships.

Nevertheless, it is imperative to interpret our findings considering several limitations. First, the
ecological study design precludes inferences at the individual risk level, and the observational
nature of the data prevents establishing causal relatpms®econd, the flood exposure variable,
derived from advanced hydrodynamic modelling, was applied at the district level and may obscure
finer-scale, localized variations in flood intensity and impact. Third, relates to our finding of a
declining temporatrend in ANC visits, which contrasts with national survey da&ta.2High-

quality data from the Zambia Demographic and Health Surveys (ZDHS) indicate that ANC
coverage in Western Province is not only high but has actually increased between the 2018 and
2023 24 surveyS.® 2This discrepancy likely highlights a key challenge of relying solely on
routine HMIS data, which was the only longitudinal data source available for this analysis. The

difference may stem from several factors, including variations in reporting compketemesime
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within the HMIS, or fundamental differences between administrative data that tracks-faegity

service provision and populatidrased surveys that measure patreported outcomes. While a

formal data triangulation study was beyond the scope of thjsqt, future research could aim to
integrate these distinct data sources to provide a more comprehensive understanding of service
utilization trends. Fourth, methodologically, our choice to model the general utilization outcome
using beta regression wants discussion. While the ANC and facility birth outcomes are true
proportions, general utilization is a rate. We transformed this rate into a pseymwtion to
maintain a consistent analytical framework and allow for the interpretation of all meatseéis

odds ratios, which aids in comparing outcomes. We acknowledge that eébegedtmodel, such

as a negative binomial regression, represents a more conventional approach for this type of data.
However, given that our primary interest was in the dimecand significance of the interaction
effects within the econosyndemic framework, we believe this approach provides a reasonable and
interpretable approximation of the underlying relationships. Fifth, the exceptionally large odds
ratio observed for thénteraction in Sikongo district, while directionally consistent with our
hypothesis, should be interpreted with caution. Such extreme estimates, accompanied by a wide
confidence interval, can be statistical artifacts of low event counts in specificastthtuggest

that while the protective effect is strong, its precise magnitude is difficult to estimate. Finally, the
analysis relies on routine HMIS data, which, despite its benefits, may be influenced by concerns
related to data quality and completend®ss is particularly relevant regarding ANC outcomes,

and our application of completase analysis for handling missing data constitutes a significant
limitation. The substantial proportion of missing ANC outcomes, if not missing at random, could
introduce bias into our estimates. Although methods such as multiple imputation were considered,
their implementation was beyond the scope of this study; however, they represent an essential area

for future methodological enhancement.

4. Heal th Policy and Programmatic | mpl i c
Our findings have meaningful implications for health system planning and climate adaptation
policies. The evidence of a geographically heterogeneous econosyndemic effect strongly

advocates against a eseefits-all approach at the national level, emphewg instead the urgent

need for decentralized, dadaiven, and geographically targeted interventions. For health planners,
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this entails prioritizing investments in districts where the detrimental interaction between high
flood risk and limited health system capacity is most evident. For instance, our results indicate that
enhancing health infrastructure through increased itiaallensity could produce substantial
benefits in reducing service disruptions within the most vulnerable districts. Furthermore, these
findings endorse a proactive strategy for climate adaptation. Instead of merely responding to
disasters, health systeman employ predictive models such as ours teposation essential
medical supplies, establish robust referral transport networks, and ensure that health facilities in
high-risk areas are adequately staffed and equipped with ample resources, inclutkagealth
professionals and essential medicines, prior to flooding seasons. This transition from reactive to
proactive measures is essential for fostering genuine health system resifidsidenately, the
methodologies employed in this study demonstrate the potential for routine spatiotemporal
monitoring to function as an early warning mechanism, allowing health systems to allocate
resources more effectively and safeguard essential sempst foreseeable environmental

shocks.

This study highlights several important directions for future academic research. Longitudinal
investigations are essential to validate the causal pathways delineated within our models and to
establish connections between observed utilization patternsibsecgient health outcomes, such

as maternal and neonatal morbidity and mortality. Future analyses would be markedly improved
through the integration of more granular data, including higésolution flood metrics, facility

specific preparedness indicatoesd householtevel data concerning healfeeking behaviour

and socioeconomic status, thereby enabling a more precise representation of localized interactions.
Methodologically, there exists scope to expand the econosyndemic framework to include other
macralevel shocks, such as economic recessions, droughts, or infectious disease outbreaks or
future pandemics, to deepen our understanding of how multiple systems interact to influence health
outcomes. Most critically, future research must emphasize ingpiation science: the design,
execution, and rigorous assessmeperhaps using methods like cluster randomized é&ials
targeted, contexgpecific interventions, which our findings suggest are essential. Such efforts will

be vital in developing an evidemdase for effective, equitable, and sustainable climate change

adaptation strategies within fragile health systems.
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4 . @Goncl usi on

In conclusion, this study offers innovative, empirical evidence demonstrating that the complex
interplay of climaterelated shocks and inherent health system vulnerabilities influences health
service utilization in rural Zambia. The application of the esyndemic framework illuminates

how these adverse synergistic interactions produce geographically diverse patterns of disruption
and resilience. Ultimately, our findings highlight the importance of implementing targeted,
contextspecific strategies aimed @nhancing local health system capacity, thereby contributing

to the advancement of Universal Health Coverage, which is fundamental to building resilient

health systems capable of climate change adaptation.
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Chapter 5

Forecasting Ut
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5.12nt roducti on

The health effects of climate change are progressively diverse, presenting a direct threat to
achieving Universal Health Coverage (UHC) and jeopardizing the stability of health systems in
the worl dds mos t®7vHedltn systemlrdsikendethe gdpacity of a health
system to anticipate, absorb, and adapt to shocks and stéegsarsital component of climate
adaptation strategié€s. 48 low- and lowermiddle-income countries (LMICs), health systems

often face a convergence of acute, frequently unpredictable shocks, such as widespread floods and
pandemics, alongside chronic, feisting stressors, including insufficient infrastructaned
geographical barriers to essential health services. These shocks seldom occur in isolation; rather,
they interact with underlying systemic vulnerabilities, resulting in disruptions and inequitable
access to essential health servité$.: AltRough existing conceptual frameworks, such as
syndemic theory, provide valuable insights into understanding these complex interactions, a
notable gap persists in the empirical and quantitative assessment of the dynamic and synergistic

effects betweenmwironmental shocks and health system stressors over time.

An effective approach to this challenge necessitates a sophisticatedmaadti strategy that
extends beyond singlkactor or singlemodel analyses. Traditional tinseries methods, such as
ARIMA, often exhibit limitations in managing neinear trendsjntricate seasonal patterns, and
exogenous variablésattributes characteristic of health utilization data in fragile setfidgs. 213
Accordingly, this study employs the Prophet model as a more robust and contemporary alternative.
Prophet is a widely used forecasting algorithm suitable for time series data exhibiting pronounced
seasonal effects and multiple changepoints, providing biléyi high accuracy, and
interpretability? 1 3 Burthermore, incorporating multiple mod&lsomprising Hierarchical Time

Series (HTS) models to encapsulate data across different levels of aggregation and Interrupted
Time Series (ITS) analysis to methodically assess inferential éffectsucial for alhorough and

substantiated investigatign. > 216
While equitable access remains a fundamental principle of UHC, it is notoriously challenging to

measure in a manner that comprehensively captures the critical dimensions of space ‘ahd tifhe.

Consequently, this study uses general utilization, defined by monthly outpatient visits, as a
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practical and measurable proxy fealized accessThis metric is especially relevant in LMICs,

where primary health facilities represent the initial point of contact for the majority of the
population and function as the forefront of the health sy4t&mncusing on this measure provides
valuable insights into the functionality and resilience of the frontline of the health system, where
the impacts of shocks and stressors are most acutely experienced and where targeted interventions

are frequently implemsed.

The distinctive context of Western Province (°
empirical investigation of these converging cl

by the extensive Barotse Filgpondplaamt sa&@asacrmoasl

whi,whil e vital for the | ocal ecology and ec
environme*tPahli ss haoccukt.e environmental perturbat.i
within the health system, including | ow facil
cat®@@o rigorously examine these interactions,

f r a medveconokyndemitt hat extendksabegonadnaiwngie, expli

dynami c I nt er pkHaeyveb e tswheoecnk €emaadnrdos tmi € s ®ansd (i . ¢
demasnidde coEditendnsp.the syndemic framework, f
the econosyndemic framework was conceptualize
influence health system performance *nhd, ulti

Building upon the preceding analysis, this study aims to accomplish two principal objectives.
Firstly, it seeks to apply, evaluate, and interpret advanceestimes methodologies for modelling

and forecasting general utilization, specifically the praporof outpatient visits. This includes
benchmarking multiple models, such as Prophet and a Hierarchical Time Series (HTS) model, to
produce accurate predictions of future utilization. Furthermore, an assessment is conducted on the
extent to which incorpating an exogenous variable, floodwater depth, enhances forecast

precision. Secondly, this research utilizes an Interrupted Time Series (ITS) analysis to

The analytical framework used in this study, defined
submitted fOhiI gprudtl,i,caz2@baonetfalng an econosyndemic: A
the interaction between climate shocks and health sys
beta regression and structygral equation modelling in
K 1 bid.
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systematically evaluate the immediate (level) and {@mm (trend) impacts of three noteworthy
macrolevel shocks: the 2019 drought, the 2021 COM® pandemis and the 2023 complex

flood event le.c har acteri zed bpeakh' uwhesmual f|' dodwdteer s
rose to a second, | ater ppeeaakk, adnenvui aplThefrdsydtof dr ocny ct
provide a comprehensive and dynamic understanding of health service utilization within a climate
vulnerable context, offering valuable insights for planning, policy formulation, and health system

enhancement.

5.Met hods

5. B tuudy Design and Setting

This study employed a longitudinal ecological study design, usingd@mnes analysis to examine
patterns and determinants of health service utilization. This approach facilitated the assessment of
temporal trends and the impacts of specific shocks ofthheatcomes within an existing
population without the need for direct intervention. The three rawe shocks analyzed
included a drought in 2019, the COAI® pandemic (i.e., SARE0V-2), and a complex flooding

event in 2023. The analysis focused onloagitudinal dataset comprising facilitpjonth
observations, with health facilities serving as the primary units of analysis. The research was
conducted in Western Province (WP), Zambia, a region inSataran Africa with an estimated
population of 1.36@nillion in 2022° °Western Province is notably characterized by the Barotse
Floodplain, an extensive wetland system along the Zambezi River, distinguished by seasonal
flooding variations'. ® - ® Medlthcare services are provided through a network ofiéivel health

facilities (i.e., primary health care), including health centers and health*gosfe study period

' The interrupti orl 9d gptaer dfeami ct weasCQ@¥ItDto January 2021.
onset of a sustained, systemic shock to the health s
two cases in ebeeshuByoareaeoweWe reported significan
Heal th, Zambia. 2M2®MaiNVMgy Up&8.at@OVIAB reported by Lusal
however, corresponds to the percitisdciwha@inng htehe ainmgIme m
maj or public health meastsreesk,i nwygi desshparve aod sc ldaureg et so ipru bt
policybebamésfully pronounced. This created cae consi s
utilization. Therefore, this date is a more appropri
mar ks the beginniegmoifmphet sthdt et hé omgdel is designe
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spanned from October 2017 to September 2023, covering a comprehensive temporal window of
73 months for analysis. The final analytic dataset comprised 62 public health centres and health
posts across seven administrative districts within WP, where momatloly éxposure data were
available.

5. Paz2 a Sources and Vari abl es

Longitudinal data on general wutilization (1. e.
Management I nformation System (HMIS) , 56i2tt§ nat
Supplementary data for popul ation denominator
from the Spatially Defined Catchment Area (S
met hodol ogy, which integrates ofifociadst Ceattea
higesoluti-oderi gatdegti déed popul ation data fro
Layers MHRBS&@0d exposure data wer€Pobydrondgnfam
i nundation model, a widely used model that si |
and depth, which provides average montdlebyhoutr
with a spatial %€é®&061 isi dmpofrt@@f80 Mo note tha

represents -@aidengmbert hdysavecage for the regior

overall tempor al di mension of s easscoan al, flloocoad il
vaatii ons in flood intensity across different
The primary dependent variable was gener al u i
outpatient visits. The monthly proportion of
to normalize utilizationfheress btatthmehtcpopt
to account for popumantlnsguaowt pbewmived. t hlei s7 3¢
trends in wutilization are not confounded by
met hodol ogi cal ctoends i ssnt eelnycsye swiitrh predvai ous rese

calculated by dividing the monthly number of

m ThECSPMUR met howsded oigly ttohicalsctuddayt e proportdesncoifb@adniema
related manuscript submitted fEonrhamuwhlnigc aRoiuatn .neChHeaarl ot
Systems Data Using a Novel Spatially Defined Catchme
Mal aria Surveillance Case Study Among) Children Under
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popul ation within each health facility's catc
regression models used in the I TS analysi s, a
vector of observed propor tni oonmnst etrov ad o n(0t, rlgi.n Til
based on the Smithson and Verkuilen approach
followet:eé p Méwhedbes the transformed proporti
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utilization (i .e.gi soutthpeatti etmal vmesmbern , ofandbs

transfor mati on.
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model s and the final |1 TS model to capture the
wer e tedlj wsi-asgedi §tciabhnual Popul ation Growth
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di stance was then divided by an assumed wal ki
mi nutes, which was subsequentilrefeaeag@ebi hed, i
>5 hr s. To account for underlying tempor al tr
' inear time trend representing the number of |
whi ch were calcul at etdh e smd riteh sn unimbd earnhdo ecgocsl ien. el

har monic time t&0QMIA swaempecagna/EHMQ doc pp C.

5. Pa3 a Preparation and Cleaning

The analytic dataset was refined to include exclusively data from the designated study period,
spanning October 2017 to September 2023, and to encompass a subset of 62 health facilities
distributed across the seven administrative districts where compbetinlgnflood exposure data

was obtainable. This refinement process yielded a final dataset comprising 4,254 rfaaility
observations for analytical purposes. The dataset was subsequently divided into two subsets to
facilitate the primary analytical coropents of the study: timgeries forecasting and Interrupted

Time Series (ITS) analysis. This approach ensured that the specific data formatting requirements
of each modelling approach were satisfied without compromising the integrity of the original
dataet. All facility-month observations were aggregated to generate a single monthly time series
for provinciatlevel forecasting. As the outcome variable represented a proportion, a weighted
aggregation method was employed to ensure an accurate depictidizatian at the provincial

level. First, the monthly visit count for each facility was recalculated by multiplying its utilization
proportion by its corresponding population denominator. These counts were then summed across
all facilities for each monthFinally, a single, aggregate provincial utilization proportion was
calculated by dividing the total monthly visits by the total provincial population for that month.
This approach avoids potential bias that could arise from simply averaging the indislitl
proportions. Districlevel data were aggregated similarly for the disaggregated forecasting
modelsA comprehensive analysis was conducted, an

outcome or key predictosseriwesei mpssanigon Wmehb

ensured that all/l model s wer e fiiatlt efdort ot hae csat nap
interpretability of regression model s. The m
utilizationel waS%a@giomfv ahc imlbitstey vati ons. The app

13



variables in certain analyses also necessitat

of data for each facility.

5. Btatistical Analysis
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i Ai®®are the harmonic tBrms Qi edi@bor hesfeffagscotersdh | i

for Qdhestirilctiss t he i mmedi at e change i n t he |
interauptfYipes the change in the trendi, odndener
is the random interc@pbdv f¥Vosualaiche helaét hmpact
counterfactual time series were generated by
for a-l ht gprosént i on time points i?AThihee dpgmradac
facilitated a comparative analysis between t1}
hypot heti cal scenari o wherein a specific inte
scenarios is présdédheedesnl tFs gofetbhe-efiaat s mc
esti mates, 95% confidence®ainesrvake, ssminadarczae

This table provides the statisttdarcml efefvd dtesnce:
i nterruptlilonutoinl iozvaetriao n . The entire time serie

depicted. bo Bieihavrier oc5n ment al context for the | T

5. Htmti stical |l nference

For the compeariatsi vimo dteilme f orecast accuracy wa
MAPE. The model with the | owersftoMAIPIEg wasd slel eT
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utilization flag thresholds presented in Tabl e
di stribution of mont hl y20Re8nerFdr utthd i zB%i ama
regression model-siwhed bsaisgendo ffoino3aan cttwd egact¢h pre
final mo d e | out prtad ei toledde ci ket | ogtandard er
( AOR) , and the correspondi ngv &I5We .coArnf i deqcei a
considered stati pviatakl wasi gessi ¢dman 0f O6hand
did not include 1. 0.

5. Mod el Di agnostics

The assessment of model assumptions was carried out through the analysis of shivastatibn
residuals obtained via ti#HARMapackage. The distribution of these residuals was meticulously
examined to evaluate their uniformity and heteroscedasticity. Furthermore, the variance inflation
factor (VIF) was determined using therformanceackage to identify potential multicollinearity
among the fixed effects of the model. Notably, a diagnostic evaluation of the residuals revealed
significant autocorrelation, mich could not be rectified due to convergence failures encountered
when an autoregressive component was incorporated. Consequentyies should be
interpreted with caution, as autocorrelation can lead to an underestimation of standard errors,
potentially making some results appear more statistically significant than they truly are. Therefore,
the findings should be viewed as stroagidence of association rather than precise causal
estimatesAll data processing, visualization, and statistical analyss® performed utilizing R
statistical software (version 4.3.1), predominantly employingptiophet hts gimmTMB and

gtsummaryackages.® > 139,219,226, 227

5. Ethics Approval

Ethical approval for this study was obtained from the University of Waterloo Human Research
Ethics Board (ORE43883), the University of Zambia Biomedical Research Ethics Committee
(Ref. No. 24722021; renewed February 9, 2024), the National Health Resdartttority in
Zambia (Ref. No. NHRA000009/10/07/2022), and the Provincial Ministry of Health, WP.

Permission was granted for the secondary analysis of a largiemddied administrative dataset.
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Patients or members of the public were not directly involved in designing, conducting, or reporting

this research.

5.RAesul t s

5. Dekcriptive Statistics

The final analytic damaseh obseirsvtedoos, 4d25 4
of 62 primary care facilities across seven a
proportion of gener al ut iwlaisz @Ot I0DM 18We 1 StDh e @n-
a median of 0.000179. Geographic access, meas
(based dn nset rdaisgghatnce and an assumed wal king s
= 42.0). Mo srti goibnsaetrevda tfi romm rour al heal th facil
with health centers and health posts compri si
enti-ment“B study period, the distribudiomoof m
l ow fl ood exposur e, 49% for medi um, and 37%

descriptive statistics, stratifiexl.by each of
5. i xeri es Forecasting

Model benclhhreasleimegs forecasting analysis was
benchmarking exercise, a hierarchical forecas
comparative ansadryiseas mdddloaurr v areel e dd tthhaet niohset
accurate forecasts for gen®2 ad5ddutt hez®riophet A
achieved the | owest Mean Absol utem@ertbhbenetages

whi chex csefladneendt a snt thhatedd med i nt et?grlPeht atoimpma rd rsiot

the Exponenti al Smoothing (ETS) mo d e | perforn
ARI MA and SARI MA models both yielded MAPE val
of the Prophet model |l ed t o sittisngs aelnead tyiscers . f
representation of the Prophet model ' s aggrega
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recasted gefbeaProphketzabdeh was employed t
r the period from September 2023 to Septemb
d quarter 5.l AvelushmanyTalll ¢ he metrics and t|
provi doe.dd Thhe Tfabbdl @ecasts underscored notabl e
ross districts and quarters. For instance,

ojected to expeutiielnicdaa tmebrni200d2s4 , 0 fwi dwverf or ec
gnificantly exceedinig)t.heCom.vlkea2I% Iltyhr @sisdlird c
d Lukulu are consistentl y -wptrioljiezxcateidon oc dtad d
the forecasted period, exhibiting substant
abl eabdbn)

erarchical TiTnee SHTS emo Aamlal gyfsfiessr ed a coher en

ovincial utilization by consolidating predi
alysis validated an overarching downward t
oc¢ie, accompanied by notable $easgsbndloreansat

tire province achieved a Mean Abs-mbuté Pestc¢
t . The forecaststher fWBr ( QevglhraPhia quadr an

g bBe exemplifying t he model " s capacity t o
saggregated and aggregated projections. Thi:
utilization for each of the foulPr qwiardaea,nt

tending through December 2024.

14



Tab3l®escriptive statistics of key variables stratified by distri
Vari abl e Overal Kal ab¢ Li mul u Lukul Mit et Mongu Nal ol Si konc
Observations 4, 2 9 4. 1, 3 20 12 1,0 4 81 70 .
Out come
Gener al Uutili
Proportion 0.00C 0.00C¢C 0.00C 0.00¢C 0.00¢C 0.00C 0.00C 0.00C
Std. Dev. (0.00 (0.00 (0.00 (0.00 (0.00 (0.00 (0.00 (0.00
Predictors
Heal th Facili
Type
Heal th Centr 2,226 406 ( 704 ( 69 (¢ 0 (¢ 701 ( 276 ( 70 (1
Health Post 2,028 542 ( 631 ( 138 ( 125 (1 382 ( 210 ( 0 (¢
Location
Rur al 3,975 948 (11,335 1+ 207 (1 125 (1 804 ( 486 (1 70 (1
Ur ban 279 ( 0 (¢ 0 (¢ 0 (¢ 0 (¢ 279 ( 0 (¢ 0 (¢
Ave. Travel Ti 63. 3 83. 3 57.5 95.0 79. 4 44 . 3 66. 8 48. 79
Fl ooding
Water Depth ( 0. 37 0.37 0. 37 0. 37 0. 37 0.37 0. 37 0.37
Fl ood Severit
Low 598 ( 139 ( 186 ( 29 (1 16 (1 149 ( 69 (1 10 (1
Medi um 2,095 462 ( 657 ( 104 ( 63 (¢ 534 ( 241 ( 34 (¢
Hi gh 1,561 347 ( 492 ( 74 (¢ 46 (¢ 400 ( 176 ( 26 (¢
Notata are p(&y)erdfitoed cas egorical variables and mean (standard dewaica-thnd i
observations from 62 wunique health facilities betstwdennOthebétroddldepntd £
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Tab32&o0recast model performance comparison for gener al
Mo d e | R pkg [func RMSE MAE MAPE ( Description
ARI MA forefcastto. arit0.00C0.00( 16.3¢B2aseline autore
moving average
SARI MA forefcastto. ari10.00C0.00C 16.3¢g>¢asonal autore
moving average
ETS f or eceatsst( ) ] 0.00CO0.00C 13. 56Exponential smo
Additive; captu
Prophe Prophpertophet ()0.00C0. 00C 7'223easonality, an
Not e Forecast accuracy of four time series model s ucs
Zambi a. Al model s were trai medé8nmoat as)r amdO¢t e s et
t

10 months). Accuracy was eval
model demonstrated the highest
Abbreviati oAgt orARJIrMAs si v e
Smoot RMBRpoOt Me an
ideal) .

0.04

Training

0.03

0.02

General Utilization (Aggregate Monthly % of Population)

0.00

2021 2022

Time Period

2017 2018 2019 2020

uat ed

S A BMeeadn EArbrsoorMAP BelEBmr Absol ut e

tot al mo n t hol pyh
accuracy (M
€
c

el
<

on
forecast

I nteGARt BMBe aMmowian gE A/&H ¥Vpha g

Per

Test

Phase Type
—&— Historical Data

- === Forecast

Confidence Interval
95% CI

2023 2024 2025

Figure 5.1 Prophet forecast of general utilization. The Prophet model forecast for aggregate monthly general
utilization from October 2017 to September 2024. The model, which captures trend and seasonality, was trained on
monthly data through December 2022 and eataid using a-®nonth test set from January to September 2023. The
solid line shows the model's point forecast, while the shaded area indicates the 95% confidence interval.
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Tab33¢orecasted gener al utilization by administrative district and quarte

Quarivear Di st Basel Basel Change Forec 95 % iCl Predi 95% iCl Forecas
Admi n. Di Pop. ( %) Vi si Baselin ( %) Forecas Visit Predicte: Utilize
Q4 2023
Kal abo 4891 0. 021 30.: 7.1 0.02: (0.i10182° 32. 8 (286391 1) Utilize
Limulun¢6133 0.01: 22. ¢ 10. 3 0.01: (0.10101" 25.1 (18316 9) Utilize
Lukul u 996¢ 0. 01 4.7 35.0 0.01¢ (0.i01D02¢ 5.8 (3i826) Utilize
Mitete 499z 0.021 3.9 i2. 9 0.02! (0.i101D3! 3.9 (2156 2) Over
Mongu 806 2 0.00! 23. | 33.1 0.01: (0.71009 11 31. 4 (2239 7) Severe |
Nal ol o 2532 0.01: 10. ¢ 1.2 0.01« (0.i01D1¢ 11.0 (818.5) Under
Si kongo 513¢ 0.00° 1.1 71. 3 0.01: (0.i00H91 1.8 (0i1289) lSevere \
Q1 2024
Kal abo 4891 0.02:. 36. 22.0 0.03( (0.i1026 3! 44 . 4 (3750. 7) Over
Limulun¢6133 0.01! 33.¢ 24.2 0.02« (0.710202: 44.3 (37514 3) Over
Lukul u 996¢ 0. 03 11. i9. 4 0.03( (0.i02D241 9.2 (6118.9) Over
Mitete 499z 0.02° 4.1 2.2 0.02°" (0.i0193° 4 . 2 (21595) Over
Mongu 806 2 0.01: 37. 29.9 0.01¢ (0.710162. 46.9 (38552 4) Utilize
Nal ol o 2532 0.01: 14. 16.1 0.02: (0.10192! 16. 6 (14129 1) Utilize
Si kongo 513¢ 0.021 3.1 i15. 9 0.01¢ (0.i0102: 2.6 (1i367) Utilize
Q2 2024
Kal abo 4891 0. 021 29. . 16. 4 0.02: (0.10192: 35. 2 (28415 8) Over
Limulun¢6133 0.01! 36. - 1. 1 0.01¢ (0.710162. 35.2 (28426 0) Utilize
Lukul u 996¢ 0.01 5.1 40. 9 0.02: (0.i0163: 7.3 (4110.0) Over
Mitete 499z 0.01 2.6 36. 7 0.02: (0.i01963. 3.5 (2143 8) Over
Mongu 8062 0.01: 32. ¢ 12.0 0.01: (0.i101D1¢ 35. 6 (27440. 6) Under
Nal ol o 2532 0.01! 12. ¢ 0.6 0.01! (0.101D1'! 11. 8 (9112. 3) Under
Si kongo 513¢ 0.01: 2.9 3.4 0.01¢ (0.i01D21 3.0 (1i490) futilize
Q3 2024
Kal abo 4891 0.01! 23. ! 16. 9 0.01¢ (0.7101402: 26. 9 (2032 4) Utilize
Limulun¢6133 0.01: 23. i14.7 0.01¢ (0.i00D1:- 19. 2 (12264. 1) Severe |
Lukul u 996¢ 0. 011 3.7 i34. 8 0.01¢ (0.i00DP1 3.1 (0i558) Severe |
Mitete 499z 0.01! 2.3 52. 6 0.02: (0.i01403: 3.4 (2141 7) Utilize
Mongu 8062 0.01: 29. 12.9 0.01¢ (0.i00D1- 26. 2 (17347. 9) Severe |
Nal ol o 2532 0.01¢ 7.8 14. 8 0.01: (0.i00911 9.5 (7i1@. 0) Severe |
Si kongo 513¢ 0.01! 2. 4 i32.7 0.01¢ (0.i0001: 1.6 (0126 7) Severe |
NotFeor ecasted general utilization bSepdmd2adstrRltage Mepresent amdr gqauaas t e we
Undlejnlllantholha%lmrtll|=za(ln000]J(iBllaJ%,|Ii:zaOHOCbJrOleD%eutlI|>za0t|00213% Forecasts were
the equival en203arTlke sfome®222 utilization flag thresholds prséegermtued oinn oT
uti In zfartoO02®B1 Ref Brfdotro etqaubaltei ons.
" Observed wutilization for Q4 2023, based on avail abl e3%)a,t aL d k wlmu Olch.olbles %)
(0.020%) , Mongu (0.014%), Nalolo (0.013%), and Sikongo (0.017%).
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Tab3d3 &Aummary of forecast and 53ransl ation metrics used in Tabl e

Mo d e | Metric Equation and Description
Baseline Visits "AOAP ETOAN DOI ADEIITOEOD
Forecast % © 001 pEGROA EADED A
Forecasted Visits &I OABAGI pO1 AGEITITOEO
95%i€Ebrecast % (R ov & o 0f POl ADET 1

95%i€Ebrecasted Vi #p Al OT Al pO1 AGETITOEO

Change from Basel &l OAﬁAD@OAbETAﬂn
"AOABPET A P
Forecast Utilizat Severe Under ( <0D0.001138)),, Uditdielri2&g0, (0@\3@et 8 (

Notaer epresents the predicted propordfireom aftheg@mempdletutmoldiez
refl edbasnedelncertainty in the forecasts.
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Figure 5.2 District-level forecasts of general utilization from seven individual Prophet models. Panel A shows the
model validation, comparing the forecast (dashed blue line) against the actual observed data (green points) on the 9
month holdout test set from Janneto September 2023. Panel B displays the fulirighth future forecast, projecting
utilization trends from November 2023 to October 2024.
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