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Chair of the Supervisory Committee:
Associate Professor Robert C. Reiner, Jr.

Health Metrics Sciences

Scientific evidence increasingly indicates that poor-quality health systems will slow down the

tremendous improvements in health outcomes observed in low- to middle-income countries

(LMICs) over the past several decades. However, much of this evidence focuses on country-

level assessment of health systems performance, derived from measures of excess mortality.

This approach does not enable examinations of within-country inequities in access to quality

health services. Yet geographical factors, such as rurality, road networks, and elevation,

affect accessibility to health services. Moreover, the inputs that condition quality care - drug

supply, testing services, qualified health workers - are not uniformly distributed in space.

This suggests that access to quality health services varies sub-nationally. Furthermore, there

is scant literature on the effect of quality of care improvements on reduced disease burden,

such as under-five mortality. Sub-national inequities in health service delivery can materialize

as the failure to reach certain groups, populations or geographies in need for care and/or

failure to provide care of sufficient quality. This dissertation aimed at presenting statistical

methods that could be used to leverage available survey data and estimate metrics of health

services delivery, at the scale of programmatic implementation, to identify priority-settings

and interpret the effects of interventions and policies over time.

In the first chapter, Where are the missing tuberculosis cases in Bangladesh? Finding



gaps in routine surveillance activities in Bangladesh by linking prevalence survey and case

notification data, we developed a Bayesian spatial model to jointly analyze two independent

data sources: the 2015-16 national tuberculosis sero-prevalence survey and the tuberculo-

sis cases notified yearly to the National Tuberculosis Control Program in Bangladesh. Our

study estimated important indicators of the tuberculosis epidemic, including the prevalence-

to-notification ratio, a key metric of surveillance activities performance, at the second admin-

istrative division level (districts). Our results indicated that despite considerable progress in

case notifications and treatment coverage in Bangladesh, substantial within-country inequali-

ties on key indicators of the TB epidemic were still observed. We performed a counter-factual

analysis to quantify the potential number of people who develop tuberculosis every year, and

could be diagnosed and notified if sub-national disparities were resolved, and found that most

people missing from care each year were concentrated in selected districts. Enhanced routine

surveillance activities along with active case-finding strategies will be key to reach, diagnose,

and treat people with tuberculosis in these areas that likely face barriers in accessing testing

and treatment services. Sub-national estimates of prevalence and prevalence-to-notification

ratios can guide these efforts, help develop tailored strategies, and ensure that no population

is left behind in the fight against tuberculosis.

The second chapter, What do we know about readiness and process quality of care in low-

to middle-income countries? A statistical framework to measure sub-national inequalities in

readiness and process quality metrics using health facility surveys, in Senegal, Kenya, and

Tanzania, introduced a statistical framework to characterize levels and trends in readiness

and process quality of sick-child care metrics, from health facility surveys, at sub-national

resolutions. Large standardized health facility surveys provide the most consistent and com-

parable description of the level at which patients interact with the health system; yet, analy-

ses of these data sources to date have focused on cross-sectional, national studies, overlooking

temporal trends and sub-national inequities. We developed Bayesian hierarchical models to



analyze all publicly available survey data in a given country, and explored spatio-temporal

variations in metrics of readiness and process quality. We applied our framework to three

countries with several rounds of facility surveys- Senegal, Kenya, and Tanzania. Our mod-

elling approach allowed us to supplement direct survey measurements with spatio-temporal

smoothing and auxiliary information from spatially resolved covariates (such as health work-

ers density or indicators of urban development) to improve the precision of our estimates

for areas with sparse data. We validated our model through out-of-sample predictions. We

found evidence of substantial spatio-temporal heterogeneity in health services quality met-

rics. Improving health system quality requires new methods that enhance the measurements

of actionable quality metrics, at a sub-national resolution that can help inform programmatic

decision-making. Our study proposed a statistical framework to derive such metrics from

health facility surveys.

In our third chapter, Metrics of quality-adjusted health service coverage for sick children

and child mortality in Senegal, Kenya and Tanzania: an ecological regression study, we in-

troduced statistical methods to estimate quality-adjusted coverage metrics, at sub-national

resolution and over time, using household and health facility surveys. Quality-adjusted

coverage for sick-child care, a measure of the proportion of children with symptoms of pneu-

monia, diarrhea, or malaria, that were diagnosed and treated at a health facility according to

evidence-based guidelines, is a critical metric to identify and resolve gaps in the availability,

readiness and quality of child health services. We applied our framework to three countries

with several rounds of household and facility surveys- Senegal, Kenya, and Tanzania, and

found overall low levels of coverage, with substantial heterogeneity across sub-national units.

We estimated four different metrics of quality-adjusted coverage, corresponding to more or

less concise metrics of readiness and process quality of sick-child care, and compared their

performance in predicting under-five mortality rates, over time, and at sub-national levels,

using an ecological regression framework. Our model included area-level estimates of risk



factors (such as diarrhea and lower-respiratory infection incidence) and preventive interven-

tions (such as immunization coverage) to account for differences between regions. We found

a negative association between quality-adjusted coverage and under-five mortality rates at

the ecological-level, and no evidence of lower predictive performance of more concise quality-

adjusted coverage metrics. As quality-adjusted coverage becomes a more common metric

of health system performance, our study provides important insights for decision makers.

Our analysis finds that spatio-temporal estimates uncovered substantial sub-national dispar-

ities. This finding can be used to tailor data collection efforts, as more concise constructs to

measure readiness and process quality of care can be performed.
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Chapter 1

SPECIFIC AIMS

High-quality health systems are needed to expand the health gains in infectious diseases

and child health experienced by LMICs in the past several decades [1]. It is estimated that

8.6 million deaths that occur every year in LMICs are amenable to healthcare, including 2

million deaths from just two conditions - tuberculosis and neonatal conditions [2]. Measur-

ing healthcare accessibility and quality is key to accountability and action; yet few LMICs

have data systems and institutions dedicated to monitor service delivery [3]. In their ab-

sence, quality measurements are restrained to indicators of inputs (e.g. supply of drugs,

number of beds per 1,000 inhabitants) - which are poorly correlated with health outcomes -

or mortality-based metrics (inferring health systems performance from amenable mortality

[4]) - which are not suited to identify specific gaps in the cascade of care. Improving health

system quality will require new methods that enhance the measurements of accessibility and

quality of health care [5], and work to disaggregate the results for vulnerable populations

and geographies.

The overarching goal of this dissertation was to generate metrics of healthcare access and

quality, at a sub-national resolution that could help inform programmatic decision-making

and inequality reduction. My specific aim was to develop methods and metrics best suited

for data available in low-resource settings, mainly standardized surveys, to address three

challenges that impede the measurements of inequities in health service delivery: (1) the

gaps in routine surveillance activities that result in 41% of people developing TB every year

to be missed from care, (2) the absence of disaggregated metrics of readiness and process

quality of care to assess sub-national inequities, and (3) the lack of evidence directly linking

metrics of readiness and process quality to health outcomes, such as child mortality.
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In high-TB-burden countries, such as Bangladesh, areas with lower access to healthcare tend

to have larger numbers of people developing TB every year, but are less likely to detect them,

leading to high numbers of undiagnosed incident TB cases [6]. In these priority settings, we

found that comparing sub-national prevalence estimates with case notification rates has the

potential to identify areas where routine surveillance gaps are the largest.

Recent works have documented significant variations in the service readiness and the quality

of primary care of health facilities in Senegal, Kenya and Tanzania [7]. The Service Pro-

vision Assessment (SPA) and the Service Delivery Indicators (SDI) surveys collect critical

indicators of health facilities’ capacity to provide essential services, such as child health care,

and could be leveraged to assess spatio-temporal variations in access to quality care.

Previously produced high-resolution estimates of under-five mortality rates across 46 coun-

tries in Africa from 2000 to 2017, had highlighted substantial sub-national heterogeneity in

child mortality [8, 9]. While several studies had tried to explain this spatial variability in

using individual, household and community-level characteristics [10], there was a great need

to quantify the impact of access to quality child health care on U5MR.

Using data from (1) a national sero-prevalence survey in Bangladesh, (2) two large stan-

dardized health facility surveys, and (3) international household surveys, we pursued three

specific aims:

• Specific Aim 1: Examined geographical patterns of tuberculosis prevalence and case

notification rates in Bangladesh to identify gaps in routine surveillance activities.

• Specific Aim 2: Evaluated readiness and process quality of sick-child care metrics,

in Senegal, Kenya and Tanzania, sub-nationally and over time.

• Specific Aim 3: Explored the association between quality-adjusted coverage for sick-

child care and child mortality in Senegal, Kenya and Tanzania, over time, at the

ecological level.
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Chapter 2

WHERE ARE THE MISSING TUBERCULOSIS CASES IN
BANGLADESH? FINDING GAPS IN ROUTINE

SURVEILLANCE ACTIVITIES IN BANGLADESH BY LINKING
PREVALENCE SURVEY AND CASE NOTIFICATION DATA

Abstract

Background: Tuberculosis (TB) has been the leading cause of death from a single in-

fectious pathogen globally since 2014. To reduce this burden, drivers preventing people

from accessing care, including gaps in diagnosis and treatment initiation, must be better

addressed. Fine-scale estimates of TB prevalence and case notification can be combined to

guide priority-setting for strengthening routine surveillance activities in high-burden coun-

tries. In this study, we produce policy-relevant estimates of the TB epidemic at the second

administrative unit (district) in Bangladesh.

Methods: We used a Bayesian spatial framework and the cross-sectional National TB

Prevalence survey from 2015–2016 in Bangladesh to estimate prevalence by districts. TB

case notification rates were used to calculate district-level prevalence-to-notification ratio, a

key metric of under-diagnosis and under-reporting. We conducted a counterfactual analysis

to estimate the number of additional TB cases that could be notified if each district reached

at least the national prevalence-to-notification ratio.

Results: TB prevalence rates were highest in the northeastern districts and ranged from

160 cases per 100,000 (95% uncertainty interval 80–310) in Jashore to 840 (690–1020) in

Sunamganj. The absolute number of prevalent cases was highest in the northeastern districts

of Sunamganj, Sylhet, and Netrokona and in the densely populated districts of Dhaka and

Chattogram. Despite moderate prevalence rates, Rajshahi and Dhaka divisions presented the
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highest prevalence-to-notification ratios, due to low case notification. Resolving sub-national

disparities in case detection could lead to 26,500 additional TB cases (8,500–79,400) notified

every year.

Conclusion: This study is the first to produce and map sub-national estimates of TB preva-

lence and prevalence-to-notification ratios in a high-burden setting. In the absence of reliable

local indicators on TB incidence, sub-national TB prevalence estimates are essential to target

prevention and treatment efforts, while prevalence-to-notification ratios can support needs

assessments for routine surveillance. Reaching TB cases currently missing from care will be

key to ending the TB epidemic.

Keywords: Tuberculosis; Tuberculosis prevalence survey; Case notification; National Tu-

berculosis Control Program; SDG 3; spatial analysis; geospatial modeling; survey methods
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Background

Tuberculosis (TB), with an estimated 1.2 million deaths worldwide, was the leading cause

of death from a single infectious pathogen in 2019 [11]. Despite ambitious global goals set by

the World Health Organization (WHO) and the United Nations (UN) to reduce the global

burden of the TB epidemic, an estimated 10 million people developed TB in 2019. WHO’s

End TB Strategy and UN’s Sustainable Development Goals (SDGs) target 3.3 aim to end

the global TB epidemic, with targets to reduce TB deaths by 95% and new cases by 90%

between 2015 and 2035 [12, 13]. Achieving these targets will require an unprecedented effort

to close the gaps in the TB care cascade, by which only 71% of people who develop TB every

year are diagnosed and initiate treatment.

To track progress towards these targets, WHO’s Taskforce on TB Impact Measurement [14]

and the Institute for Health Metrics and Evaluation [15] have developed national models

to estimate key indicators of the TB epidemic (such as incidence, prevalence, and mortality

rates) that would otherwise be challenging to measure directly, particularly in low- to middle-

income countries (LMICs). TB incidence, which cannot be measured directly, is derived from

routine case notification, inventory studies, or, where available, national prevalence surveys

[16]. In priority settings, where under-reporting and under-diagnosis due to poor access to

health services can lead to a wide discrepancy between routine case notification and the

actual number of incident TB cases [6], surveys that measure TB prevalence are invaluable

to assess progress towards WHO’s and UN’s targets.

Bangladesh is a high-burden country for TB according to WHO. The Global Burden of

Diseases, Injuries, and Risk Factors (GBD) Study estimated 216,000 incident cases (95% un-

certainty interval [UI] 184,400–250,200) and 29,100 deaths (UI 22,400–40,000) among HIV-

negative people in 2019 in Bangladesh. With an estimated treatment coverage of 81%,

approximately one in every five TB cases in Bangladesh is missing from care every year. Na-

tionally representative TB prevalence surveys were conducted in Bangladesh in 2007–2009

and 2015–2016 and found prevalence of smear-positive tuberculosis of 79.4 per 100,000 (95%
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Confidence Interval [CI] 47.1–133.8) and 113 per 100,000 (CI 87–139) in persons aged 15

years and older, respectively [17, 18]. The 2015–2016 survey, which used both smear mi-

croscopy and Xpert MTB/RIF additionally found an all-form TB prevalence of 287 per

100,000 (CI 244–330) in persons aged 15 years and older. These two surveys used different

methodologies and their results are therefore not directly comparable. Both surveys revealed

significant differences in prevalence by age, gender, socioeconomic status, and rural/urban

status, however, suggesting substantial within-country variation in burden. An increasing

number of spatial analyses of TB prevalence [19, 20, 21, 22], incidence [23], or mortality [24]

in high-burden countries have also showed high within-country variation.

In addition, prior investigations of the spatial distribution of TB in Bangladesh include two

recent studies from the KIT Royal Tropical Institute relying on sub-national case notifi-

cation data collected by Bangladesh NTP [25, 26]. These studies both supply evidence of

extensive gaps in TB notifications of certain districts (second-level administrative divisions)

of Bangladesh and conclude that the case notification rate is an unreliable proxy for TB

incidence. Relying solely on notification data can lead to misleading results, as areas with

limited access to health care tend to have a larger number of underlying TB cases and are

less likely to detect them [27]. In the absence of sub-national measurements of TB incidence,

local estimates of TB prevalence can help inform prevention and treatment efforts towards

areas with high TB burden. Additionally, comparing sub-national prevalence estimates with

case notification rates can help identify areas where the gap between the estimated number

of TB cases and the number of people diagnosed and notified is the largest.

In this study, we illustrate how the growing number of TB prevalence surveys can be used to

supply sub-national estimates of prevalence in Bangladesh. We adapted an existing Bayesian

spatial model [28, 29] to analyse data from the National TB Prevalence Survey (2015–2016)

and produce district-level estimates and uncertainty intervals accounting for the complex sur-

vey design, and calibrated the data to national estimates from the GBD study [30]. There are

several methodological challenges associated with estimating TB prevalence sub-nationally.

First, the sampling design, a stratified multi-stage cluster sampling, needs to be accounted



7

for in the analysis. Second, TB is relatively rare in select districts in Bangladesh, where

low case counts can lead to potentially unstable estimates. In this study, we address these

challenges by using a Bayesian spatial hierarchical model to analyse Bangladesh’s 2015–2016

national survey and produce estimates of prevalence for pulmonary TB in those 15 years

and older at fine geographical scales. Additionally, we use case notification data collected by

Bangladesh’s NTP to estimate district-level prevalence-to-notification ratio, a key metric of

the gaps in detection and reporting of new cases. Finally, we conduct a sub-national coun-

terfactual analysis, which sets the national prevalence-to-notification ratio as the benchmark

for every district, and calculated the number of additional TB cases that could be notified

by resolving sub-national inequalities. Achieving the End TB Strategy and SDG 3.3 will

require resources and interventions targeting locations with large numbers of TB cases that

are undiagnosed or are lacking treatment coverage. This study shows how local estimates of

TB prevalence and prevalence-to-notification ratio can be combined to find areas in greatest

need of enhanced access to diagnosis and treatment services.

Methods

Data

Bangladesh’s National TB Prevalence Survey was cross-sectional and used a multi-stage

cluster sampling method [18]. Data were collected across Bangladesh (figure 2.1) from any

person aged 15 years and older, living in one of the 125 sampled clusters (46 urban and

79 rural), between March 2015 and April 2016. Case definition included Xpert MTB/RIF

and/or culture-confirmed cases; smear-positive subjects not confirmed by Xpert MTB/RIF

were excluded for the estimation of prevalence. There were 98,710 participants in the study,

including 20,594 screening positive to either symptom or chest X-ray; two sputum specimens

were collected from each of the 20,010 individuals. A total of 278 bacteriologically confirmed

cases were considered as study cases, including 108 smear-positive and 170 smear-negative

cases. Specific details about the survey complex design and findings are presented extensively
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elsewhere [18]. The TB notification data reported by each of the 64 districts of Bangladesh

were collected from the NTP. New and relapse pulmonary TB cases reported by district in

2016 were used to calculate a district-level prevalence-to-notification ratio.

Figure 2.1: Distribution of surveyed clusters across Bangladesh’s divisions and observed

prevalence of TB (per 100,000 population) at these clusters

Statistical analysis

TB prevalence was estimated using a small area estimation approach, which is a spatial

extension of the classic Fay and Herriot approach [31]. First, the survey design was accounted
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for by directly calculating the Horvitz-Thompson estimator of TB prevalence for each district

using the design weights (see supplementary methods A.2). Second, the logit transformation

of the true district prevalence was modelled as a linear function of covariates and spatially

structured random effects. Out of the 64 districts of Bangladesh, 19 contain no sampled

clusters. In these locations, our hierarchical approach drew strength from spatially adjacent

districts and modelled covariates to predict TB prevalence. Direct estimates and design-

based variance estimates were computed using the survey package in R. We fit the Bayesian

hierarchical models using the Integrated Nested Laplace Approximation [32] and the R-

INLA package [33]. We obtained a subset of all included covariates by checking for multi-

collinearity using the variance inflation factor with a threshold of 5, and compared the

models consisting of different combinations of these selected covariates, using four selection

procedures (the residual mean squared error [RMSE], the deviance information criteria [DIC],

the Watanabe-Akaike information criteria [WAIC], and the conditional predictive ordinate

[CPO]). In the absence of consensus on a single criterion, we select the best-performing model

across the criteria (see supplementary methods A.2.1), and present the estimates from the

second and third best performing models as supplementary results (see supplementary results

A.2). Predicted prevalence estimates were divided by the total number of pulmonary cases in

those aged 15 years and older notified for the corresponding district in 2016. We conducted

a counterfactual analysis in which districts with a prevalence-to-notification ratios above the

national average prevalence-to-notification ratio were set to the national average. We used the

counterfactual analysis to estimate the number of additional TB cases that could be notified

by the NTP every year, if every district reduced its prevalence-to-notification ratio at least

the national average. The national prevalence-to-notification ratio, which was 2.8 in 2016,

was used as a benchmark. By using the average prevalence-to-notification ratio nationally,

we showed the potential impact of reducing sub-national heterogeneity in surveillance and

TB-control activities on TB case detection.
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Results

District-level estimates of TB prevalence revealed a clear spatial pattern in TB preva-

lence, with higher rates in northern and eastern districts than south-western districts. North-

eastern districts displayed the highest TB prevalence rates: over 80% larger than 287 per

100,000, the national average prevalence in the population 15 years and older in Bangladesh

(figure 2.a). Specifically, Sunamganj, with 840 cases per 100,000 (UI 690–1020), Netrokona

with 640 cases per 100,000 (580–690), and Sylhet with 520 cases per 100,000 (370–710),

were the three districts with the highest prevalence rates nationally (see supplementary ta-

ble A.4 for the complete list of district-level prevalence estimates). Predicted TB prevalence

overall varied significantly by district: Sunamganj, Netrokona, and Sylhet, the three dis-

tricts with prevalence rates in the 95th percentile nationally, had prevalence rates three

times higher than districts in the 5th percentile, such as Natore, with 180 cases (90–340)

per 100,000, and Jashore, with 160 cases (80–310) per 100,000. Uncertainty around these

estimates was high in some districts; however, five districts – Sunamganj, Netrokona, Syl-

het, Gazipur, and Khulna – displayed prevalence rates significantly higher than the national

average (figure 2.2). The estimated number of TB cases exhibits a more complex spatial

distribution than prevalence rates. The districts with the highest number of TB cases were

a mix of geographies with high prevalence rates and highly populated districts (figure 2.3).

The former includes Sunamganj, Sylhet, and Netrokona, accounting for the third, fifth,

and eighth largest numbers of prevalent cases, with 11,800 cases (UI 9,700–14,400), 10,788

cases (7,800–14,900) and 8,500 cases (7,800–9,300), respectively. However, the highest esti-

mated number of TB cases was in Dhaka, the densest district of Bangladesh, with 17,300

prevalent cases (11,400–26,000). Chattogram, the district that houses the second largest

city in the country, accounted for the second highest number of TB prevalent cases, 12,300

(7,900–18,800). Nevertheless, there is clustering of high TB burden in the north-eastern

districts in Bangladesh when compared to the south-western parts of the country. Maps

(b) and (c) on figures 2.2 and 2.3, displaying uncertainties, are useful to clearly show the
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Figure 2.2: Estimated TB mean prevalence (per 100,000) (a), and 97.5th (b) and 2.5th (c)

percentiles

significantly disproportionate TB burden that affects the eastern region of Bangladesh. The

geographical patterns of TB prevalence-to-notification ratio (figure 2.4) mirror some of the

features of TB prevalence rates; prevalence-to-notification ratios are larger than the national

average, 2.8, in most districts of the northern divisions. For instance, Naogaon (7.9 UI

5.3–12.0]), Rajbari (6.7 [3.2–14.1]), Faridpur (6.1 [2.9–12.8]), and Netrokona (5.9 [5.4–6.5])

display prevalence-to-notification ratios in the 90th percentile nationally. Additionally, figure

2.4 supplies supplemental insights into the understanding of the TB epidemic in Bangladesh.

Despite low TB prevalence rates, most districts of the Rajshahi and Dhaka divisions showed

a large prevalence-to-notification ratio. For instance, the districts of Rajbari and Faridpur
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Figure 2.3: Estimated mean number of people with TB (a), and 97.5th (b) and 2.5th (c)

percentiles

had the second and third largest prevalence-to-notification ratios nationally, despite mod-

erate TB prevalence rates, 240 per 100,000 (UI 110–500) and 240 per 100,000 (120–510),

respectively. These rates can be explained by strikingly low case notification rates in 2016,

31 and 36 per 100,000, in Rajbari and Faridpur, respectively. More generally, 12 out of the

13 districts in the bottom 20% of case notification rates nationally were in Rajshahi and

Dhaka divisions, which seems to account for the cluster of high prevalence-to-notification

ratios in the Southwest districts of these two divisions (figure 2.4). With a country mean

prevalence-to-notification ratio of 2.8, the NTP can detect around one-third of all potential

TB cases nationally (9). However, our results suggest substantial sub-national variations in



13

Figure 2.4: Estimated mean TB prevalence-to-notification ratio (a), and 97.5th (b) and 2.5th

(c) percentiles

case-detection performance in Bangladesh, and even within the same divisions. For instance,

prevalence-to-notification ratios ranged from 1.4 to 7.9 in the districts of Rajshahi division.

Assuming the NTP could strengthen routine surveillance and case-detection strategies such

that every district reduced its prevalence-to-notification ratio to at least the national average

of 2.8, we estimated that an additional 30,800 individuals (UI 10,000–84,500) with TB could

be diagnosed, notified, and started on life-saving TB treatment. The districts of Naogaon,

Sunamganj, Netrokona, and Sylhet accounted for more than half of this reservoir of potential

cases, with 15,900 additional notified cases (7,900–27,400) (figure 2.5).
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Figure 2.5: Estimated mean TB additional cases that could be detected if every district

achieved at least the national prevalence-to-notification ratio (a), and 97.5th (b) and 2.5th

(c) percentiles

Discussion

This study is, to our knowledge, the first nationwide study investigating within-country

variations in TB prevalence while accounting for a complex survey design. Our findings

suggest that despite considerable progress made nationally in reducing TB incidence, sig-

nificant inequalities in the TB prevalence rates, the number of TB prevalent cases, and

the prevalence-to-notification ratio persist both between and within the eight divisions of

Bangladesh. First, prevalence estimates were highest in the northern and north-eastern dis-
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tricts of Bangladesh, with rates more than double the national average. In the absence of

reliable local indicators on TB incidence, sub-national TB prevalence estimates are essential

to target prevention efforts in areas with higher ongoing transmission. Intensive TB-control

interventions targeted at high burden areas could effectively reduce the high prevalence rates

highlighted in this study. Interestingly, these north-eastern districts additionally display a

higher-than-average proportion of relapse among new cases (supplementary results A.4), an

indicator of programme performance in starting and keeping TB patients on treatment. Ge-

ographically distant from Dhaka, the populations living in these mostly rural districts may

experience an increased time and financial burden for taking part in the demanding 6–12-

month TB treatment course dispensed at health facilities [34]. Second, the highest number

of prevalent cases were found in these same districts, along with the most populated areas,

including the districts of Dhaka and Chattogram, where the two largest cities of Bangladesh

are located. In high-density urban living, high contact rates, household overcrowding, and

the influx of young adults migrating from rural areas or other countries can contribute to

sustaining the TB epidemics [35]. Active case finding and screening contacts of TB patients

are promising strategies to improve TB case detection and reduce transmission, especially in

urban settings [36]. Understanding the sub-national distribution of TB cases in Bangladesh

is also crucial to informing policies and ensuring the provision of quality TB services and

treatment in locations where they are most needed.

Finally, our joint study of prevalence and notification data expanded the body of evidence

of significant under-reporting and under-diagnosis of TB cases in Bangladesh. The results

of our analysis indeed confirm the existence of a local cluster of low case notification found

by the study from the KIT Royal Tropical Institute [25]. In this study, Rood and colleagues

lacked sub-national measures of TB prevalence, and instead used an indicator of poverty

to standardise case notification rates and identify indications of under-detection and under-

diagnosis. Drawing from both prevalence and case notification data, our study provides

stronger evidence of under-reporting and under-diagnosis in both the cluster of districts in

the divisions of Rajshahi and Dhaka, where TB prevalence rates are moderate, but case no-
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tification is strikingly low, and in the north-eastern districts, where TB prevalence rates are

high. Each of these “missing” cases represents a missed opportunity to notify people devel-

oping TB, which in turn hinders progress towards ending the TB epidemic. The prevalence-

to-notification ratio displayed the largest spatial disparities of the three metrics considered

in this analysis, with a range of 1.1 to 7.9 between districts; eight districts displayed a

prevalence-to-notification ratio more than double the national average. Additionally, spatial

variations in prevalence-to-notification ratios were significantly larger than the variations by

gender or age groups reported by Bangladesh NTP. The prevalence-to-notification ratio is a

key metric to find gaps in identification and reporting of TB cases. These substantial sub-

national variations in prevalence-to-notification ratio suggest that, despite steady progress

in case notification nationally, large numbers of people who develop TB are missed every

year by testing services. Our findings are directly relevant for decision-makers in determin-

ing priority districts with large prevalence-to-notification ratios, which call for strengthening

access to high-quality diagnostic services. In high-risk areas, strategies to identify people

with active disease can supplement routine surveillance activities to enhance case detection

[37].

There are several limitations to this study. First, while our approach enabled us to depict the

complex picture of the heterogeneous spatial distribution of TB across Bangladesh, it does

not provide further information on temporal trends. While the first national prevalence sur-

vey in Bangladesh was conducted in 2007–2009, the methodology used then, sputum samples

collected from every respondent without screening, and only assessed with smear microscopy

[17], produced much lower estimates of TB prevalence (79.4 per 100,000). These differences

in methods prevent direct comparisons with the 2015–2016 national prevalence survey. Sec-

ond, our study is restricted to individuals 15 years and older as defined by the individual level

inclusion criteria of the national prevalence survey. However, a previous study showed that

the paediatric TB epidemic in Bangladesh is substantial [38]; studying spatial patterns in

people under age 15 would supplement our work. Third, we only described the spatial distri-

bution of active TB, not latent TB infection. Yet, eliminating TB will require the country to
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effectively tackle the reservoir of latent infection [39]. Fourth, our analysis did not differenti-

ate between drug-susceptible TB, multidrug-resistant (MDR) TB, and extensively resistant

TB, despite distinct policy implications. Bangladesh has a high MDR-TB-burden according

to the WHO, and fine-scale estimates of MDR-TB prevalence could guide priority-setting for

increased access to drug sensitivity testing and second-line treatment regimens [40]. Fifth,

in the absence of sub-national prevalence data for well-established TB risk factors, including

smoking, alcohol use, and diabetes, we had a limited number of auxiliary variables that could

be used to enhance the precision of our prevalence estimates. We estimated the prevalence of

overcrowding at the district level, using a Bayesian spatial model and Bangladesh DHS 2007,

2011, and 2014 survey data. This constructed exposure was included, along with average

daily temperature, in the best model according to one model selection procedure (CPO).

Sixth, while our study reinforced earlier evidence of substantial gaps in case notification in

many districts of Bangladesh, our interpretation lacked the tools to disentangle the causes of

these gaps – treatment-seeking behaviours, accessibility of services, or reporting complete-

ness – and their respective importance merits further investigation [41, 42]. Finally, our

analysis relies on data from 2016, and the disruptions in TB services caused by COVID-19

in Bangladesh may have changed the geographical patterns described in the present work

[43].

We envision several directions to build on this work. First, the results could be leveraged to

improve existing methods that derive incidence from prevalence surveys by assuming a fixed

relationship between prevalence, incidence, and duration of disease. Duration of disease is

longer in undiagnosed cases than in treated patients. Therefore, the relationship between

incidence and prevalence may be distorted in areas with large numbers of TB cases miss-

ing from care. Second, employing an integrated modelling approaches linking transmission

dynamics and health systems has the potential to provide invaluable insights into the under-

standing of the optimal delivery of TB services [44]. Sub-national estimates of TB prevalence

and case notification rates, along with local estimates of access to quality TB services from

health facility survey data, could be used as inputs to represent spatial heterogeneity in these
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mathematical models [45]. Third, comparing spatial patterns in active TB with sub-national

variations in the distribution of the bacterial strains that cause TB could improve our un-

derstanding of the infectiousness of these strains [46]. Finally, the method presented in this

study could be replicated in other high-priority settings with case notification counts and

recent prevalence surveys, such as the Philippines (2016), Vietnam (2017), Myanmar and

Namibia (2018), South Africa (2019), and India (2021).

Conclusion

In conclusion, our study shows that in countries, such as Bangladesh, that have achieved

considerable progress in case notification and treatment coverage, substantial within-country

inequalities on key indicators of the TB epidemic are still observed. Our analysis suggests

that the large numbers of people who develop TB and are missing from care each year are

concentrated in select districts. Enhanced routine surveillance activities along with active

case-finding strategies will be key to reach, diagnosis, and treat people with TB in these

areas that likely face barriers in accessing testing and treatment services. Ending TB in

Bangladesh by 2035, in alignment with the WHO and UN strategies, will require closing

the gaps in diagnostic, prevention, and treatment efforts. sub-national estimates of TB

prevalence and prevalence-to-notification ratios can guide these efforts, help develop tailored

strategies, and ensure that no population is left behind in the fight against TB.
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Chapter 3

WHAT DO WE KNOW ABOUT READINESS AND PROCESS
QUALITY OF CARE IN LOW- TO MIDDLE-INCOME

COUNTRIES? A STATISTICAL FRAMEWORK TO MEASURE
SUB-NATIONAL INEQUALITIES IN READINESS AND

PROCESS QUALITY METRICS USING HEALTH FACILITY
SURVEYS, IN SENEGAL, KENYA, AND TANZANIA

Abstract

Background: Poor-quality care is a major barrier to health gains in most low- to middle-

income countries. Attempts to measure health services quality, to date, have focused on

cross-sectional, national studies, which overlooks temporal trends and sub-national inequities

in healthcare quality. Yet, time series of spatially dis-aggregated estimates are necessary to

assess progress towards universal access to health care of sufficient quality. Large standard-

ized health facility surveys, such as the Service Provision Assessment (SPA) and the Service

Delivery Indicators (SDI), provide the most consistent and comparable description of the

level at which patients interact with the health system.

Methods: In this study, we present a statistical framework to analyze all publicly available

survey data in each country, to explore spatio-temporal variations in metrics of readiness

and process quality. We operationalize the World Health Organization’s Service Readiness

Assessment framework and the Integrated Management of Childhood Illness chart to derive

metrics of readiness and process quality of sick child care from inspections of facilities and

observations of sick-child consultations. We apply our framework to three countries with

several rounds of SPA and SDI surveys- Senegal, Kenya, and Tanzania. Our modelling ap-

proach allows us to supplement direct survey measurements with model-based predictions of

readiness and process quality metrics, which used correlations in space and time, and auxil-
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iary information from spatially resolved covariates (such as health workers density or metrics

of urban development) to improve the precision of our estimates for areas with sparse data.

Results: We found an overall good out-of-sample predictive validity of our models, with

relatively high coverage and low mean-squared errors, across metrics and countries. Our

sub-national estimates evidenced overall gaps in readiness and process quality metrics in

Senegal, Kenya and Tanzania, with substantial within-country disparities.

Conclusion: Our study introduced new statistical methods that enhance the measurements

of actionable quality metrics, at a sub-national resolution that can help inform programmatic

decision-making and enhance equity in availability of high-quality services.

Keywords: readiness, process quality of care, healthcare quality measurement, Service

Provision Assessment, Service Delivery Indicators, survey analysis, spatial analysis, health

inequities
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Introduction

It is estimated that more than 8 million deaths every year in low- to middle-income

countries (LMICs) should be treatable by the health system [2]. Measuring healthcare access

and quality is key to accountability and action; yet few LMICs have nationally representative

and timely data systems to monitor access to health services of sufficient quality [3]. In

their absence, health system assessments have mostly focused on metrics of geographical

[47, 48, 49] and financial accessibility to health services or health inputs [50], such as the

number of health facilities or beds per 1,000 inhabitants. While both sets of metrics provide

useful insights into the ability to receive or provide health services, neither capture directly

the quality of the healthcare received [51, 52]. Mortality-based metrics are another attempt

to assess health systems performance - through excess mortality [4]. However, these measures

are not suited to identify specific gaps in the cascade of care as they lump access, utilization

and quality into a single metric. Therefore, improving health system quality requires new

methods that enhance the measurements of actionable quality metrics [53], dis-aggregated

by geographies to ensure that progress towards universal health coverage (UHC) means

equitable access to quality healthcare for all [54].

While investments in routine health information systems are improving their timeliness

and trustworthiness [55], health facility surveys, including the Demographic and Health Sur-

vey’s Service Provision Assessment (SPA) and the World Bank’s Service Delivery Indicators

(SDI), remain the prime data source to assess the quality of available health services in

LMICs [5, 56, 57, 58, 7, 59]. Such health facility surveys provide detailed information about

various dimensions of the supply of health services in facilities, including components of struc-

tures (basic amenities, infection control, equipment, diagnostics, and medication), processes

(components of clinical care), and patient perspectives (satisfaction with services received)

[60]. Several recent analyses of the SPA or SDI surveys have operationalized assessment

guidelines or clinical charts provided by the World Health Organization (WHO), such as

the service readiness index (SRI) [61] or the Integrated Management of Childhood Illness
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(IMCI) diagnostic protocols [62], to derive facility-level metrics of readiness and/or process

quality of care [63, 64]. These studies have built on the strength of either the SPA or SDI

to construct composite metrics of readiness and process quality comparable across countries

[5, 56, 7, 59]. However, these analyses have been restricted to one type of survey (either SPA

or SDI) and to the most recent year of data, and thus cannot shed light on time trends in the

availability of quality care. Additionally, these studies report country-level estimates of qual-

ity. Recent work has highlighted large disparities in the coverage of key health services [65]

and in health outcomes [66, 67, 68] between the administrative units of sub-Saharan African

countries. These evidence of sub-national inequalities in health system output (coverage and

outcomes) emphasize the need to better understand and monitor sub-national disparities in

health system inputs and processes.

In contrast with previous studies, in this work we present methods to combine facility data

from multiple survey years and designs. We develop Bayesian hierarchical models to analyze

all publicly available health facility surveys in three countries where several rounds of SPA

and SDI were conducted - Senegal, Kenya, and Tanzania - to estimate sub-national metrics

of the availability of sick-child services of sufficient quality, in public and private facilities,

over time and across policy-relevant units - departments, counties and regions, respectively

(henceforth referred to as regions). Additionally, we present summary measures of regional

inequalities in readiness and process quality metrics and show trends in each country. To

our knowledge, this study is the first to describe elements of readiness and process quality

of sick child care sub-nationally and over time, leveraging all available health facility survey

data and using statistical methods to account for differences in survey tools. By borrowing

information from previous years and adjacent geographic units [69], or by leveraging the

information from auxiliary variables, a model-based approach to readiness and process quality

metrics estimation allows to generate estimates at more granular resolution than direct survey

estimates, and to predict estimates with associated uncertainty in administrative units where

no observation was collected, and thus, no direct estimate is available. Spatio-temporal

metrics of quality of care can add considerable value to the field of readiness and process
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quality measurement: they can help identify geographic inequities in health service delivery;

be used to measure the impact of organizational factors or interventions on the quality of

health services, and provide additional evidence to the causal link between certain processes

of care and specific health outcomes [70, 71]. Practically, regional-level composite metrics

of readiness and process quality can be used by program managers and regional health

officials to identify local bottlenecks in the supply of health services, and to target facility

inspections, which could reveal gaps in the provision of certain medicines or adherence to

specific guidelines [72].

Methods

Health facility survey data

Data comes from two standardized health facility assessment tools, the Service Provision

Assessment and the Service Delivery Indicators. WHO’s Service Availability and Readiness

Assessment surveys were not included in this analysis, as they are not publicly available and

did not collect information on process quality. The SPA and SDI are consistent and compa-

rable health facility surveys nationally representative of the formal health sector. The SPA

surveys analyzed in this article are based on a stratified survey design by facility type (hos-

pital, clinics, health centers), managing authority (public/private), and first administrative

division, and includes four modules: an inventory questionnaire, observations of consulta-

tions, exit interviews with the observed patients, and interviews with healthcare providers.

The SDI is a stratified survey by urban/rural areas and first administrative division, and

comprises three modules: an inventory questionnaire, clinical vignettes to assess providers’

knowledge, and unannounced visits to facilities to measure providers’ absenteeism (see sup-

plementary methods B.1 for more details about each survey’s sample and design).

In this analysis, we utilized all available cross-sectional facility surveys in Senegal, Kenya

and Tanzania (see Table 3.1). We selected these three countries as several years of survey

data from both SPA and SDI made it possible to estimate levels and trends in quality of
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care over time and sub-national units. We focused on child health as it is the only health

service for which both SPA and SDI include variables on readiness and process quality. We

analyzed data from 10,384 facilities, 18,840 direct observations of sick-child consultations

and 6,498 clinical vignettes, over 19 years in Kenya (1999-2018), and 10 years in Senegal

(2010-2020) and Tanzania (2006-2016) (see details in supplementary tables B.1 and B.2).

Facility-level information relating to the availability, readiness and quality of child health

services were derived from each survey. Specifically, we extracted the 48 tracer items that

form the general service Readiness Index [58], the 12 tracer items expressly included in the

child-services-specific SRI, fifteen diagnostic protocols corresponding to systematic assess-

ments and physical exams (see table 3.2) that should be performed during every sick-child

visit according to the IMCI guidelines [62], and three treatment guidelines for children diag-

nosed with diarrhea, pneumonia or malaria . Additionally, we collected facilities’ geographic

location and sampling weights, and the survey design variables - region, facility type, and

managing authority.

Quality of care metrics

Metrics of readiness comprised WHO general and child-services-specific SRI (henceforth

referred to as general SRI and child SRI). These indices generate information on the avail-

ability of basic equipment, amenities, essential medicines, and diagnostic capacities, in the

delivery of key health services, including child services, in health facilities. Both metrics of

readiness were calculated for each facility as the proportion of tracer items observed and

reported by the survey team. As some items were missing for SDI and older SPA surveys,

we modified the two indices to only use the lowest common denominator between surveys,

to ensure comparability across years in each country (see table 3.2).

We derived metrics of process quality from the content of sick child consultations observed

in the SPA surveys, and the clinical knowledge displayed by health providers sampled for

vignettes in the SDI surveys. In supplementary sections B.1.3 and B.1.4, we present the sam-

pling of providers within SPA and SDI, for direct observations and vignettes respectively,
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Table 3.1: List of surveys available in Senegal, Kenya and Tanzania

Senegal Kenya Tanzania

SDI 2010a SPA 1999 SPA 2006

SPA 2012-13b/2014b SPA 2004 SDI 2010a

SPA 2015b/2016b SPA 2010 SPA 2014

SPA 2017 SDI 2012 SDI 2014

SPA 2018 SDI 2018 SDI 2016

SPA 2019

aThe 2010 SDI surveys in Senegal and Tanzania were pilot studies, which only sampled a small number
of public facilities in selected regions of the country, and were therefore excluded from the main analysis.

bDependent sampling structure between the first four rounds of the continuous SPA SPA-survey in
Senegal 2013-2016 (see appendix B.2.2).

cSPA 2012-13b/2014b and 2015b/2016b were analyzed jointly to mitigate the effect of the dependent
sampling on estimates comparability.

and we discuss the differences of assessing process quality using one or the other. Following

previous studies [7, 70], adherence to IMCI diagnostic and treatment protocols were used

as a proxy for process quality of sick-child care. IMCI guidelines provide the timely and

appropriate diagnosis and treatment of common childhood illnesses, including pneumonia,

malaria, and diarrhea [73]. Previous work has shown that IMCI is cost-effective to improve

child care and reduce child mortality [74]. Additionally, Senegal and Tanzania in 1996, and

Kenya in 1999 were among the first countries in the world to introduce IMCI into their

national health systems [75]. Our metrics of process quality of care included an indicator

of providers’ adherence to 15 IMCI diagnostic protocols (as a proportion), and a measure

of compliance (as a binary indicator) with recommended treatment guidelines for children

diagnosed with pneumonia, malaria or diarrhea (see table 3.2), the three main killer diseases

for children in sub-Saharan Africa [59].
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Model for sub-national estimation of quality of care metrics

The four composite indices of readiness and process quality of care described in table 3.2

were modelled separately using a small area estimation approach. Specifically, we adapted

a previously developed Bayesian framework, which models the direct survey estimates as a

function of covariates, and space and time components [76]. This Bayesian spatial model

allows to estimate time series of the true underlying values of the quality of care metrics by

smoothing over time and space the direct estimates obtained from multiple surveys, with

potentially different designs and associated uncertainty. Specifically, in the first stage, we

calculate the Horvitz-Thompson estimator of the quality metric in region i, year t, and survey

s, by using the sampling weight wk,its associated to each facility k:

p̂HT
its =

∑
k wk,itsyk,its∑

k wk,its

(3.1)

where yk,its is either a proportion (indices 1-3), or binary (index 4), in facility k, sampled in

region i, over survey s in year t, and wk,its is the facility’s sampling weight. At the second

stage, we model a logit-transform of the Horvitz-Thompson estimator by using random-

effects to enhance the precision of our estimates:

logit
(
p̂HT
its

)
∼ N

(
θits, V̂its

)
θits = Xitβ + γt + αt + ei + Si + δit + νs

(3.2)

where V̂its is the design-based variance of logit
(
p̂HT
its

)
, Xit are regional-level covariates ob-

served in region i in year t (see table 3.3), αt are temporal random effects modeled as a

first order random walk, Si are spatially structured random effects [77] (see B.2.1), δ is a

space-time interaction, and γt, ei and νs are respectively temporal, spatial and survey zero-

mean independent random effects. For each of the four indices of quality, we considered

seven possible models (see table B.3) and used rigorous selection techniques to identify the

best performing model (see B.2.3). Regional-level estimates and their associated uncertainty

were then obtained by drawing 1,000 posterior samples for all parameters and calculating

the mean, and the 2.5th and 97.5th quantiles. We assessed temporal trends in sub-national
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Table 3.3: List of covariates considered in fitting equation (3.2)

Covariate Spatial resolution Temporal resolution Source

Urbanicity Pixel-level Annual ESA and Land Cover

Health worker density Second-level administrative unit Annual Censuses (derived)

Travel time to nearest city Pixel-level Annual MAP [78]

Travel time to nearest health facility Pixel-level Annual MAP [49]

Total population under five years old Pixel-level Annual WorldPop

Average years of education in adult population Second-level administrative unit Annual IHME [79]

Night-time lights Pixel-level Annual VIIRS and DMSP (harmonized)

Human development index Pixel-level Annual [80]

Elevation Pixel-level Annual ArcGIS

disparities using three summary measures of inequalities - the inequality pattern index, the

high-to-low ratio and high-to-low difference (see section B.2.4).

To test the predictive validity of the selected models, we followed Mercer and colleagues

[76]: we removed all the observations for region i in year t, and compared the predicted

quality metrics and their 95% credible intervals obtained using model (3.2), with the direct

survey estimate p̂HT
its . We examined the coverage of our estimates, i.e. the frequency at which

the direct survey estimate was contained within the model estimate 95% interval.

Results

Modelling metrics of readiness and process quality of care

Table 3.4 shows the final model chosen through our selection procedure, for each readi-

ness and process quality metric, in each of the three countries. A first important feature of

our modeling analyses was the hypothesis that spatio-temporal smoothing would improve

overall model fit. We see that indeed models including spatially-correlated random effects

were preferred to model with independent random effects in all but three instances. The

diagnostic protocols metric was best modelled without spatial smoothing in both Senegal

and Kenya. For the general SRI metric in Kenya, a non-spatial model was also preferred. A
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Table 3.4: Selected model for each readiness and process quality metric, and variance decom-

position. Columns σ2
Si

, σ2
γt , σ

2
αt

, σ2
δit

, σ2
νs , and Xitβ indicate the percentage of total variance

explained by each component.

Senegal

Outcome Model selected σ2
Si

σ2
γt σ2

αt
σ2
δit

σ2
νs Xitβ

General SRI 5 42.1 4.0 2.6 51.2 - -

Child SRI 6 35.4 1.4 1.4 60.4 1.4 -

Diagnostic protocols 1 5.5 2.4 2.7 89.4 - -

Adequate treatment 7 .2 3.5 2.5 2.7 58.8 32.3

Kenya

Outcome Model selected σ2
Si

σ2
γt σ2

αt
σ2
δit

σ2
νs Xitβ

General SRI 1 2.1 53.8 42.7 1.3 - -

Child SRI 5 1.6 69.2 26.4 2.7 - -

Diagnostic protocols 3 3.1 1.3 2.2 64.2 - 29.3

Adequate treatment 5 2.8 96.9 .1 .2 - -

Tanzania

Outcome Model selected σ2
Si

σ2
γt σ2

αt
σ2
δit

σ2
νs Xitβ

General SRI 5 0 6.4 84.2 9.4 - -

Child SRI 7 0 6.3 5.2 77.0 6.3 5.0

Diagnostic protocols 7 .1 4.3 3.9 57.2 9.6 24.8

Adequate treatment 6 0.6 21.5 0.4 34.8 42.7 -
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second important feature of spatio-temporal modeling resides in the strengths of the differ-

ent sources of variability. Table 3.4 reveals important differences in the contribution of each

component of the model, between indicators and countries. Spatial and and spatio-temporal

variability accounted for more than 90% of the variability in the general SRI, child SRI and

diagnostic protocols metrics in Senegal, for more than two-third of the variability in the di-

agnostic protocols and one-third of the adequate treatment metrics in Kenya, and for 77.0%

and 57.2% of the variability in the child SRI and diagnostic protocols metrics in Tanzania.

Spatial variability suggests a strong influence of geographic factors, while spatio-temporal

variability, which amounts to the interaction between space and time, indicates changes in

the spatial distribution of the metric, with high areas becoming low, and conversely [81].

Strong spatio-temporal variability is typical of the gradual roll-up of interventions or pro-

grams, affecting different regions over the study period. Strong temporal variability, on the

other hand, is indicative of little geographic variability but with a strong temporal trend that

changes the metric across sub-national units uniformly over the study period. Temporal vari-

ability explained over 80% of the variability in the general SRI metric in Tanzania, where all

sub-national units experienced large gains in general readiness, over the study period (see

supplementary figure B.6). It also accounted for a significant share of the variability in the

general SRI and child SRI metrics in Kenya, where an overall positive trend was estimated

over the study period (B.5), but with significant volatility from one year to the next, as illus-

trated with the high contribution of the zero-mean temporal random effects in explaining the

total variance. Finally, a substantial proportion of the variation in the adequate treatment

metric in Senegal (58.8%) and Tanzania (42.7%), was explained by the survey random effects

- accounting for differences in sampling or survey instrument, respectively. In Senegal, this

could be explained by the change in the sampling frame for private facilities for 2017, which

led to a substantial drop in the national estimate of adequate treatment in private facili-

ties, while in Tanzania, this results likely reflects the important difference between assessing

providers’ practices from vignettes rather than direct clinical observation (see section B.1.4

for more details). Regional-level covariates were selected in four of the twelve models - three
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of them fitting process quality metrics, and explained a substantial proportion of the variance

in these metrics. The fact that only four out of the twelve models included regional-level

covariates highlights the general challenge in demonstrating associations at the ecological

level, and the specific challenges of finding strong predictors of healthcare quality. To assess

Table 3.5: Performances of the models, assessed using mean squared errors (MSE) and spatial

leave-one-out predictions for the four metrics, across Senegal, Kenya and Tanzania

Senegal

Criteria General SRI Child SRI Diagnostic Protocols Adequate treatment

MSE 4.0× 10−3 5.5× 10−3 6.0× 10−3 3.6× 10−2

Coverage (%) 83 79 88 77

Kenya

Criteria General SRI Child SRI Diagnostic Protocols Adequate treatment

MSE 2.9× 10−3 3.7× 10−3 1.2× 10−2 2.6× 10−2

Coverage (%) 88 86 85 83

Tanzania

Criteria General SRI Child SRI Diagnostic Protocols Adequate treatment

MSE 2.5× 10−3 4.3× 10−3 5.4× 10−3 2.9× 10−2

Coverage (%) 80 92 92 94

the accuracy of our models’ predictions, we used the mean squared error (MSE), and the

coverage for the left-out areas, as the proportion of the direct survey estimates contained in

the model-based 95% credible intervals. The results in 3.5 show that the MSE is higher for

the process quality metrics than the readiness metrics, across the three countries. Addition-
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ally, although coverage is generally high, above 80% for all but two models, it seems slightly

worse in Senegal, especially for the child SRI and adequate treatment metrics. However,

supplementary figures B.1-B.2-B.3 suggest that these marginally better coverage indicators

for Kenya and Tanzania come at the expense of larger 95% credible intervals, especially in

Tanzania.

Levels and trends in readiness and process quality metrics

Figure 3.1 is a four-quadrant graph comparing sub-national estimates of general and child

SRI across sub-national untis, for each country, in 2010 and 2020. In Senegal, we see that if

estimated readiness has improved between 2010 and 2020, with improvements in general SRI

across sub-national units, only one region was in the upper-right quadrant of figure 3.1, i.e.

above 80% on both readiness metrics in 2020. Nevertheless, about half of the sub-national

units achieved a child SRI above 80% in 2020, and spatial disparities seem to have decreased

compared to 2010. Kenyan sub-national units have shifted to the left on figure 3.1 between

2010 and 2020, suggesting a decrease in general SRI across sub-national units, while the

spread of the cloud of points has increased, which indicates larger sub-national disparities in

2020. In Tanzania, readiness is estimated to have improved as a result of gains in child SRI,

and in general SRI, to a lesser extent, across sub-national units. Figure 3.2 presents maps of

the mean and length of 95% interval estimates of adherence to IMCI diagnostic protocols,

in Senegal, Kenya and Tanzania in 2020. This process quality metric displayed substantial

spatial variability; average compliance to IMCI protocols ranged from 26.2% (14.7-42.2) in

Gossas to 61.6% (43.3-77.2) in Guinguineo in Senegal, from 32.9& (18.1-52.2) in Vihiga

to 72.0% (53.4-85.3) in Garissa in Kenya, and from 23.8% (8.3-51.9) in Morogoro to 45.6%

(20.0-74.2) in Dodoma in Tanzania. Uncertainty is much greater in Tanzania than in Senegal,

and to a lesser extent, than in Kenya, as highlighted by the width of the credible intervals

on figure 3.2b-d-f, which can be explained by the recency of the last data collection - 2016

in Tanzania, compared to 2018 in Kenya and 2019 in Senegal. We also examined the joint

distribution of adherence to diagnostic protocols and adequate treatment to examine spatial
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Figure 3.1: Estimated readiness metrics (general Service Readiness Index and child Service

Readiness Index) across sub-national units in Senegal, Kenya and Tanzania, in 2010 and

2020
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Figure 3.2: Mean estimates of adherence to IMCI protocols (a,c,e), and length of the 95%

interval (b,d,f) estimates, in Senegal (a,b), Kenya (c,d), and Tanzania (e,f) in 2020

correlations in these two metrics (see supplementary figure B.7). Bi-variate maps grouping

sub-national units by metrics’ quantiles were used to describe regions’ relative performances
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over the study period, and identify priority areas. We noted an increase in the proportion of

regions ranking either in the top or bottom quantile for both dimensions of IMCI diagnostic

and treatment protocols, over the study period. This may suggest reinforcing dynamics

creating a larger gaps between on the one hand, sub-national units where, on average, sick

children are more likely to be diagnosed according to appropriate standards and received

an adequate treatment, and on the other hand, regions where both providers’ diagnosis and

treatment practices tend to differ from IMCI protocols.

We assessed trends in disparities in each readiness and process quality metrics, separately,

by estimating three summary measures of inequalities (see table 3.6) - the inequality pattern

index, the high-to-low ratio and the high-to-low difference, for the three countries, in 2010

and 2020. Across inequalities summary measures, process quality metrics were likely to be

more unequally distributed between sub-national units than readiness metrics in 2010 and

2020. In Senegal, however, the high-to-low difference was largest for the general SRI. This is

consistent with the results displayed in figure 3.1, where large absolute differences in general

SRI were evidence for Senegal, while in Kenya and Tanzania the clouds of sub-national units

were more concentrated. Inequalities in readiness metrics tended to increase over the study

period, in all three countries. In Senegal, inequalities in process quality metrics decreased

marginally, while in Tanzania they increased substantially. In Kenya, the two process quality

metrics had opposite inequality trajectories: the difference in adherence to IMCI protocols

between the worst and best performing sub-national units grew by 13.7% between 2010 and

2020. Conversely, the difference in adequate treatment decreased by 21.0%, over the same

period.

Gaps in composite metrics

Metrics at the regional-level can mask important differences in the readiness and process

quality across facilities within a region. For instance, a regional average metric of 80% may

reflect homogeneous facilities with every score around 80%, or a bi-modal distribution of 60%

and 100% scores in facilities. To observe potential differences in the underlying distribution of
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facilities’ performances, we present the proportion of facilities with a general SRI below 50%,

between 50% and 80%, and above 80% on figure 3.3. Interestingly, figure 3.3 a-b suggests

that the improvements in the average general SRI across sub-national units (evidenced with

figure 3.1) has resulted from an increase in the proportion of facilities with scores above 80%.

While these high-performing facilities represented a minority of facilities in all but one region

in 2013, in 2019, they represent a majority of facilities in fourteen regions, including three

regions where more than 80% of the facilities scored above 80%. The color key used for each

year is displayed on the right-hand side of figure 3.3 a-b; each dot represents an individual

facility. With the contour plots drawn on the color keys, we see that between 2013 and 2019

the distribution of facilities’ general SRI has shifted from most facilities with scores between

50-80% to most facilities with scores above 80%.

Furthermore, health facility surveys are designed to be geographically representative, but

temporal variations are not accounted for in the survey design. Therefore, we investigated the

possibility that seasonality could influence the availability of certain items or compliance with

certain diagnostic protocols. In particular, given that Senegal and Tanzania are countries

with high malaria prevalence, with distinct transmission patterns, we thought of testing

the hypothesis of seasonality in providers’ fever history assessment- a proxy for malaria.

We divided each country into two epidemiological zones - an “endemic”, and a “seasonal”.

In Senegal, the tropical zone in the south and southeast (regions of Ziguinchor, Kolda,

Kedougou, Tambacounda and Sedhiou) with year-round transmission peaking during the

rainy season (from June to October) and lower transmission during the rest of the year was

labelled as “endemic”, while the Sahelian zone in the north, with higher transmission toward

the end of the rainy season (from July to September) and very low transmission during the

rest of the year was labelled as “seasonal”. In Tanzania, this division is artificial as year-round

transmission affects 80% of the countries’ regions; we divided the country into two zones

based on malaria prevalence. Our analyses consisted of comparing the weighted frequency

of fever history assessment, by providers during sick child consultations, by epidemiological

zone and season in Senegal and Tanzania. Our hypothesis was that evidence of seasonality
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50-80%A. General SRI in 2013

B. General SRI in 2019

Figure 3.3: Facilities’ general SRI in Senegalese departments, in 2013 (a) and 2019 (b)

would mean higher frequencies of fever assessment in the rainy season compared to the dry

season, especially in the regions where malaria is seasonal. As malaria is endemic in most of

Tanzania, we expected to see stronger evidence of seasonality in Senegal than Tanzania. We

find that in most years, assessment of fever history is more frequent during the rainy season,

especially in facilities located in the “seasonal” epidemiological zone (see figure 3.4). However,

2018 is one notable exception where the assessment was done more frequently during the

“dry” season, in both zones. This discrepancy with other years may be related to the fact

that the 2018 SPA survey occurred during the health worker strike in Senegal, which may
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have affected different regions differently. Figure 3.5 shows a similar pattern in Tanzania,

where fever history assessment was significantly more frequent during the rainy season in

2014, in both zones, and in 2006 in the endemic zone.

Discussion

In this study, we expanded on previous healthcare quality measurement works in several

important ways. First, while previous studies had focused on cross-sectional country-level

analyses of health facility surveys, we presented statistical methods to jointly analyze all

available facility assessments, including several rounds of surveys from the same or from

different data collection instruments, which allows to explore temporal trends and spatial

disparities in readiness and process quality metrics. We applied our modelling approach

to all publicly available data from two main multi-country facility survey instruments, the

SPA and SDI, in three LMICs - Senegal, Kenya and Tanzania. Our study demonstrates

the benefits of using a modeling approach alongside direct survey measurements to estimate

metrics of readiness and process quality. Spatio-temporal smoothing leverages correlation

structures in space and time to improve the precision of estimates when data are sparse [82],

while covariates further improve precision by separating the sources of variability underlying

the temporal and geographic distribution of our indicator of interest [81]. Therefore, the

borrowing of information across areas and years, and the use of auxiliary variables, allowed

us to provide estimates at a policy-relevant resolution – departments, counties and regions –

a spatial scale for which most surveys were not powered to report reliable estimates. Addi-

tionally, in years or regions where no data was collected, our approach ‘filled-in’ data gaps,

by providing estimates of readiness and quality metrics with associated uncertainty. This

feature of our approach is particularly appealing, as it provides means to supplement direct

estimates derived from surveys that are typically conducted irregularly, with readily avail-

able and continuously collected spatially and temporally indexed covariates. Our spatial

leave-one-out procedure, designed to test the accuracy of our models’ predictions, suggested

a high predictive validity, with coverage ranging from 77% to 94%. Variance decomposition
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provided further insights into the various sources of variability in each readiness and process

quality metrics. For instance, strong spatio-temporal variability in Senegal suggested im-

portant variations in the distribution of low and high readiness and process quality metrics

between departments, over the study period, which may reflect the effects of geographically

targeted interventions during that time, such as the USAID priority actions in certain regions

of concentrations [83]. Moreover, we noted that the survey random effects, indicating differ-

ences in survey instruments in Tanzania, and in the sampling frame in Senegal, explained a

substantial proportion of the variations in the adequate treatment metric. In Senegal, the

higher coverage of adequate treatment in the repeated sampling phase, may reflect a form

of Hawthorne effect where, in facilities assessed for the second time, interviewees had a bet-

ter understanding of interviewers’ expectations and adapted their practices accordingly. In

Tanzania, higher average performances on this metric in the SDI than in the SPA surveys

likely reflect the important difference between assessing providers’ practices from vignettes

rather than direct clinical observation and the gap between “knowing and doing” (see section

B.1.4 for more details).

Second, generating model-based estimates of readiness and process quality metrics over

time and space revealed substantial and persistent gaps. To begin with, while readiness has

improved in most of Senegal and Tanzania, many sub-national units were still missing a

fourth to a third of the minimal inputs necessary to provide child health services in 2020.

We noted large gaps in the availability of essential medicines, including antibiotics such as

amoxicillin to treat pneumonia or cotrimoxazole. In Kenya, we found evidence of a significant

downward slopping trend in average readiness, driven by a substantial drop in the general

SRI metrics across sub-national units; based solely on SDI surveys, the 2018 report in Kenya

documented evidence of a decrease in facility average readiness; our findings confirm and

expand this result, using additional data. Furthermore, despite IMCI guidelines being a

central component of Senegal’s, Kenya’s and Tanzania’s strategy to reduce child mortality, we

estimated low metrics of process quality. Estimated average compliance to IMCI diagnostic

protocols guidelines in 2020 exceeded 50% in just a handful of sub-national units across
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Senegal, Kenya and Tanzania. The assessments less commonly done during consultations

were asking parents whether their child had convulsed or been unable to drink, two danger

signs indicating the need to urgently refer a child to an hospital. Recent studies conducted in

sub-Saharan Africa similarly reported low levels of compliance with IMCI guidelines: using

cross-sectional data collected from health facilities in the Republic of Congo, Cameroon and

the Central African Republic, Perales and colleagues found that providers had completed

12 of the 15 IMCI diagnostic protocols in only 8% of sick-child visits [70], while a recent

analysis of the 2014 Ethiopian SPA found that the three main symptoms of child diseases

were assessed in 51% of consultations, and the three general danger signs in 4% of visits

[64]. Finally, we found evidence of substantial and persistent disparities in readiness and

process quality between sub-national units. The high-to-low absolute difference suggested

that within-country absolute differences between regions in general and child SRI could be

as high as 40% in Senegal and Tanzania in 2020, which points to systematic differences

in the availability of minimal inputs of health services. Process quality metrics tended to

display the largest gaps between the best and worst performing areas. Absolute difference

in compliance with diagnostic protocols was equal to or greater than 30% in Kenya and

Tanzania. Additionally, the average likelihood of receiving adequate treatment for a child

diagnosed with pneumonia, malaria or diarrhea in a given region varied up to 7.5 fold.

Evidence of top inequalities combined with low national coverage for the diagnostic protocols

metric in Senegal and Kenya suggest that a national effort to improve compliance with

IMCI diagnostic protocols would be appropriate. In the case of general SRI and adequate

treatment metrics in Senegal, where we see significant bottom inequalities, suggesting a few

areas lagging far below the national mean, spatially-targeted interventions could be better-

suited to resolve this pattern of inequality [84].

Third, our modelling approach can be used to critically assess the production of readi-

ness and process quality indicators. To begin with, there is a critical need to assess the

optimal frequency and scope of health facility assessments, which so far have been con-

ducted as occasional surveys (Kenya and Tanzania), one-time census (Haiti or Malawi), or



42

continuous yearly survey (Senegal since 2012). Our modelling approach allows to attune

data collection efforts to specific target metrics. Estimates’ precision comes from adequately

appraising variability: strong spatial variability and little temporal variability of a quality

metric would suggest a less frequent but more geographically diverse sample, while frequent

but smaller samples would be more appropriate for metrics displaying substantial temporal

but low spatial variability. Looking at the average width of the relationship between data on

spatially-targeted interventions or funding and data on readiness or process quality credible

intervals can provide additional evidence as to where more data need to be collected to im-

prove the reliability of our estimates. For instance, we found that, on average over the study

period, the uncertainty in the readiness and process quality indicators was much larger in

Kenya and Tanzania, where data are not collected as regularly as in Senegal. Furthermore,

following previous studies, readiness and process quality metrics were constructed as com-

posite indicators, a popular approach in the measurement of healthcare quality. We used

established assessment frameworks, such as WHO’s SARA and IMCI, to only include items

relevant to readiness and process quality. However, the summary quality value provided by

composite indicators can be flawed if any of its constituent parts is biased [85]. In particu-

lar, we explored the possibility that, because facility surveys assessments are designed to be

representative geographically not temporally, cross-sectional analyses could miss patterns of

seasonality in items’ availability or protocols performed [86]. We found evidence of season-

ality in providers’ adherence to some IMCI guidelines, with on average a higher frequency of

fever history assessment during sick-child visits in the rainy season than in the dry season in

Senegal and Tanzania. Seasonality is an important threat to the comparability of readiness

and process quality metrics over time; changing the timing of the facility survey from year

to the next could introduce variability clouding the overall trends in the quality metrics.

Another important implications of this results is that it suggests that skipping certain di-

agnostic protocols could reflect providers’ strategic allocation of their limited consultation

time, rather than a lack of knowledge of these protocols [87]. We also found that providers

in regions where malaria is endemic were more likely to ask if a child had fever, reinforcing
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this hypothesis. Given the potential of IMCI diagnosis protocols to reduce mortality in chil-

dren aged five and less, identifying the gaps in adherence to these standards of care remain

important, but understanding the reasons for non-compliance will be key to design effective

recommendations to close these gaps.

Our study has several limitations. First, the SPA and SDI exclude non-formal healthcare

providers, which can represent a significant component of the health system in many LMICs

[88]. In Senegal, we also excluded health huts, as the health community agents that work in

these single-room facilities are not trained to treat sick-children past basic care [89]. How-

ever, health huts are often in the front-line in the management of sick children in remote

rural regions, and studying their referral practices to larger health facilities would be crucial

[90]. Second, our results highlighted the substantial variability in the process quality met-

rics introduced by differences in the sampling or the survey to collect the data. Enhanced

harmonization between data collection instruments, as entailed by WHO’s new Harmonized

Health Facility Assessment initiative, will be necessary to ensure the comparability of sur-

vey estimates. Third, the SARA and IMCI guidelines correspond to basic equipment and

diagnostic protocols that should be available in every facility, and during every sick-child

visit, respectively. Therefore, our metrics reflect what could be considered the provision of a

minimum level of care in health facilities as recommended by global guidelines, rather than

of high-quality care [7].Fourth, our composite metrics were calculated as simple sum of items

or protocols, which assumes their equal importance to quality, and ultimately to health out-

comes. In practice, this may not be the case and items could be assigned weights based on

their contribution to health improvements. However, such an approach would require equally

large assumptions about the relative importance of each item, and we opted for equal weight-

ing, the most common approach in the literature to date [7]. A final limitation of this study

is that it focuses on the readiness and process quality of health services, not their accessi-

bility. The most recent SPA and SDI surveys provide facilities’ GPS coordinates and record

fees associated with the provision of care; thus, we envision that future studies could extend

our approach to incorporate information about geographic and financial accessibility of care,
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alongside quality. Other directions to build on our work include looking at the relationship

between data on spatially-targeted interventions or funding and data on readiness or process

quality, to assess the impact of macro programs or decisions on local health systems [91].

Additionally, our work could be used to investigate the role of healthcare quality variations

in explaining the large sub-national inequities in under-five mortality highlighted in recent

works [9]. Ideally, surveys collecting simultaneously information about facilities and the

households attending them, such as GAVI Full Country Evaluations, would provide insights

into barriers to access care, healthcare-seeking behaviors, and ultimately healthcare impacts

on health outcomes [92]. In practice, major international standardized facility surveys like

SPA or SDI are rarely coordinated with large household surveys, which leads to temporal

or spatial misalignment limiting the possibility of linkage [93]. Despite these data gaps, two

recent studies have attempted to estimate the effect of healthcare quality on individual child

death [70, 94]. Using cross-sectional data from health facilities in the Republic of Congo,

Cameroon and the Central African Republic, Perales and colleagues found lower odds of

mortality for children living in districts with higher process quality, measured as compliance

with IMCI guidelines during sick-child visits. Linking births recorded in the DHS house-

hold surveys with the most recent SPA in seven countries and over 20 years, Simmons et

al. used the proportion of IMCI-trained staff and the proportion of facilities with a doctor

by first-level administrative division to proxy process quality; they found a non-significant

effect of the former variable, and a negative association between prevalence of doctors and

child survival. Future research efforts could utilize our approach to readiness and process

quality measurements to test these results on a larger temporal and geographic scale than

Perales and colleagues, and using alternative metrics of quality, compared to Simmons and

colleagues.

Conclusion

Strengthening health services will be key to reduce the large burden of deaths amenable

to healthcare in low- to middle income countries. Standardized health facility assessments
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are a precious resource. We present a statistical framework that allows to jointly analyze

multiple rounds of surveys from different instruments, while accounting for their specific

design. Building on spatio-temporal correlations and auxiliary information, our modelling

approach allows us to explore temporal trends and sub-national disparities in the readiness

and process quality of care metrics. As the World Health Organization has been promoting

a new Harmonized Health Facility Assessment, to ensure the alignment of health facility

survey instruments and enable comparability of results over time and across countries, our

statistical framework fills a methodological gap to assess trends and geographic inequalities in

availability, quality and effectiveness of health services, and track countries’ progress toward

universal health coverage.
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Figure 3.4: Prevalence of fever history assessment during sick-child visits in Senegal, in the
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Chapter 4

METRICS OF QUALITY-ADJUSTED HEALTH-SERVICE
COVERAGE FOR SICK CHILDREN AND CHILD MORTALITY
IN SENEGAL, KENYA AND TANZANIA: AN ECOLOGICAL

REGRESSION STUDY

Abstract

Background Achieving Universal Health Coverage has the potential to significantly reduce

excess mortality for conditions targeted in the Sustainable Development Goals, including

child mortality, as the majority of under-5 deaths are due to causes amenable to healthcare.

Quality-adjusted coverage, defined as the proportion of the population in need of a health

service that receives appropriate treatment according to standards, has been described as a

useful metric to track progress toward UHC.

Methods We describe temporal trends and sub-national disparities in quality adjusted cov-

erage for sick-child care in three low- to middle-income countries; Senegal, Kenya and Tanza-

nia. We estimate four different metrics of quality-adjusted coverage, corresponding to more

or less concise approaches to estimate readiness and process quality of sick-child care, from

households and health facility data, and compare their performance in predicting under-

five mortality rates, over time, and at sub-national levels, using an ecological regression

framework. Our model includes regional-level estimates of risk factors (such as diarrhea and

lower-respiratory infection incidence) and preventive interventions (such as immunization

coverage) to account for differences between regions.

Results: We found uniformly low-levels of quality-adjusted coverage across the sub-national

units of the three countries, with substantial spatial disparities along the cascade of service

provision (service contact coverage, receipt of intervention coverage). We reported a neg-



49

ative association between quality-adjusted coverage and under-five mortality rates at the

ecological-level.

Conclusion: We found no evidence of one quality-adjusted coverage metric out-performing

the others, which suggests that more expansive measures of readiness and process quality of

care may include partially redundant information on health services.

Keywords: effective coverage; healthcare quality; survey analysis; spatial analysis; UHC
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Introduction

Universal Health Coverage (UHC), defined as a universal access to health care of suf-

ficient quality, has been described as a central piece of the Sustainable Development Goal

(SDG) 3 aiming “to ensure healthy lives and promote wellbeing for all, at all ages". Achiev-

ing UHC has the potential to significantly reduce excess mortality for conditions targeted

in the SDGs, including child mortality. The majority of under-5 deaths are due to causes

amenable to healthcare, and a third are due to pneumonia, diarrhea, and malaria in sub-

Saharan Africa [95]. Monitoring countries’ progress toward UHC is however challenging.

Indicators of health-service contact coverage, commonly measured for Reproductive Mater-

nal Neonatal and Child Health (RMNCH) services in large standardized household surveys,

such as the Demographic and Health Survey (DHS), have been used to assess progress to-

ward UHC [96, 97] but lack information on quality of care, which can lead to overstating

the population health benefits of these services, because of poor-quality care [2]. Effective

coverage, a measure of need, use, and quality of health services, has been described as a use-

ful metric to track progress toward UHC [51]. The lack of methodological consensus around

the measurements of its three components has however limited its use in practice. Following

Tanahashi’s seminal work on health-service coverage measurements [98], two recent studies

have laid out a framework to measure effective coverage through the measurements of a

“cascade of six stages". Service contact coverage (1) is defined as the proportion of those in

need of a health service who visits a health provider; input-adjusted coverage (2) represents

the proportion of those in need of a health service who visits a health provider ready to

provide this service; intervention coverage (3) is the proportion of those in need of a health

service who comes into contact with a service that is ready and that receives the service,

quality-adjusted coverage (4) is the proportion of those in need of a health service who comes

into contact with a service that is ready and that receives the service according to evidence-

based processes of care; user-adherence-adjusted coverage (5) is the proportion of those in

need of a health service who receives the service according to evidence-based processes of
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care and that adheres to provider instructions; and outcome-adjusted coverage (6) is the

proportion of those in need of a health service who receives the health service according to

evidence-based processes of care standards, adheres to provider instructions, and experiences

health gains. This approach highlights the importance of each step in the provision of ef-

fective health services. In addition, the cascade provides a blueprint to identify bottlenecks

in service provision if gaps in effective coverage have been discovered. Yet, individual-level

data linking elements of intervention coverage, quality, user-adherence and health outcomes

are rarely available in practice. Therefore, most studies have resorted to focusing on certain

stages of the cascade; for instance, by estimating service contact coverage nationally from

cross-sectional household surveys, and average readiness (for input-adjustment) or average

process quality of care (for quality-adjustment) from cross-sectional health facility surveys

[99, 100, 101]. However, recent work has highlighted substantial disparities in health-service

contact coverage for RMNCH between specific subgroups, such as populations living in dif-

ferent administrative units [65] or socio-economic groups [102]. This suggests that national

indicators of effective coverage are poorly-suited to ensure that no subgroup is left behind in

the effort of expanding access to high-quality healthcare. Moreover, quality-adjusted cover-

age has been described as a good proxy for effective coverage if outcome-adjusted coverage

measures are not available [103]. Yet, various theoretical frameworks have been used to

measure facilities’ readiness and process quality [63], leading to non-comparable constructs

of quality-adjusted coverage.

In this study, we address these shortcomings by 1) exploring temporal trends in quality-

adjusted coverage metrics and disparities between administrative units, and 2) assessing the

predictive validity of different quality-adjusted coverage metrics against estimates of child

mortality. We develop Bayesian hierarchical models to jointly analyze all publicly available

households surveys from the DHS, and health facility surveys from the Service Provision

Assessment (SPA) and the Service Delivery Indicators (SDI) surveys, in Senegal, Kenya,

and Tanzania - three countries with several rounds of household and facility surveys. We

estimate sub-national metrics of quality-adjusted coverage for sick-child care, over time,



52

using four different metrics corresponding to more or less concise approaches to estimate

readiness and process quality of sick-child care. We then consider sub-national estimates

of under-5 mortality rates (U5MR) across 118 administrative units - the 45 departments

of Senegal, the 47 counties of Kenya, and the 26 regions in Tanzania1, henceforth referred

to as regions. We extract time series of regional-level U5MR between 2010 and 2020 in

Senegal, 2000-2020 in Kenya, and 2005-2020 in Tanzania, from a previous study [9]. We

explore the association between each of the four metrics of quality-adjusted coverage and

under-5 mortality rates at the regional level, using an ecological regression model [81], which

includes several regional-level covariates to adjust for differences in environmental risks and

preventative health measures coverage, between regions.

Beyond the important research question of determining which construct of quality-adjusted

coverage for sick-child care is the most predictive of child health gains, and therefore a good

proxy for effective coverage, our findings have practical relevance for future data collection

efforts. Health facility assessments are indeed lengthy and costly exercises, and it is essential

to critically assess the added-value of more detailed constructs of readiness and quality: are

they better at predicting health gains than more succinct constructs?

Methods

Data

Health facility data comes from two large standardized health facility assessment tools,

the Service Provision Assessment (SPA) and the Service Delivery Indicators (SDI), while

data about child health and health-seeking behaviors were obtained from the DHS, the

largest standardized household survey. The SPA and SDI surveys used in this analysis are

nationally representative of the formal health sector and based on a stratified survey design

- by facility type, and first administrative division, for the SPA, and by urban/rural areas

1The number of regions in Tanzania increased from 26 to 31, over the study period. Because older
SPA and SDI surveys did not contain the GPS coordinates of the facilities, we had to rely on the region
indicated in the survey, which correspond to the 2002 subdivisions of Tanzania, which included 26 regions.
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and first administrative division in the SDI. DHS surveys are nationally representative and

based on a stratified two-stage cluster design – first, enumeration areas are selected from

an exhaustive list derived from censuses, then households are sampled within each selected

enumeration area. In this analysis, we utilized all publicly available SPA, SDI and DHS

surveys in Senegal, Kenya and Tanzania (see Table 4.1). We selected these three countries

as several years of both facility and household survey data made it possible to estimate levels

and trends in quality-adjusted coverage metrics over time and across sub-national units.

Table 4.1: List of surveys available in Senegal, Kenya and Tanzania

Senegal Kenya Tanzania

Household Facility Household Facility Household Facility

DHS 2010-11 SDI 2010a DHS 1998 SPA 1999 DHS 2004-05 SPA 2006

DHS 2012-14b SPA 2012-14b DHS 2003 SPA 2004 DHS 2010 SDI 2010a

DHS 2015-16b SPA 2015-16b DHS 2008-09 SPA 2010 DHS 2015-16 SPA 2014

DHS 2017 SPA 2017b DHS 2014 SDI 2012 SDI 2014

DHS 2018 SPA 2018b SDI 2018 SDI 2016

DHS 2019 SPA 2019

aThe 2010 SDI surveys in Senegal and Tanzania were pilot studies, which only sampled a small number
of public facilities in selected regions of the country, and were therefore excluded from the main analysis.

bTo ensure that the estimates were geographically representative, DHS data from 2012-13 and 2014-15
were aggregated.

Coverage metrics

We adapted the effective coverage cascade framework presented in Amouzou et al. [53],

to focus on quality-adjusted coverage for interventions relating to the management of the
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three main causes of death for children under age five: pneumonia, diarrhea, and malaria

(see figure 4.1 and table 4.2).
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Figure 4.1: Health-service cascade coverage for sick-child care

Service contact coverage, input-adjusted coverage, intervention coverage, and quality-

adjusted coverage were calculated sequentially, as described in table 4.2.

We considered four constructs to measure quality-adjusted coverage. In the first ap-

proach, we ignore quality of care and focus solely on the proportion of children with symp-

toms of one of the three conditions that received an appropriate treatment; we therefore

calculate quality-adjusted coverage as the product of service contact coverage and the re-

ceipt of intervention coverage. The second approach includes the four stages of the cascade,

but service readiness and process quality of care are derived from a minimal set of tracer
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Table 4.2: Components of quality-adjusted health-service coverage for sick-child care

Measures

Cascade Coverage × Readiness × Receipt of complete intervention × Process quality

Service contact Children taken to health

facility among children

under age 5 with diarrhea or ARI or

malaria symptoms in the last 2 weeks

Input-adjusted Children taken to health Average readinessa

facility among children across facilities

under age 5 with diarrhea or ARI or providing

malaria symptoms in the last 2 weeks sick-child care

Intervention Children taken to health Average readiness Children under age 5 who

facility among children across facilities received appropriate treatment

under age 5 with diarrhea or ARI or providing among children diagnosed with

malaria symptoms in the last 2 weeks sick-child care diarrhea, pneumonia, malaria at a facility

Quality-adjusted Children taken to health Average readiness Children under age 5 who Average process qualitya

facility among children across facilities received appropriate treatment across sick child care facilities

under age 5 with diarrhea or ARI or providing among children diagnosed with

malaria symptoms in the last 2 weeks sick-child care diarrhea, pneumonia, malaria at a facility

aAverage readiness and process quality calculated using approaches described in table 3.2
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items [61] and diagnostic protocols [62]. The third approach is the same as the second ap-

proach, except that service readiness is derived from an extensive list of tracer items. Finally,

the fourth approach builds on the third approach, but process quality of care is estimated

from a longer list of diagnostic protocols (see table 4.3 for the definition of readiness and

process quality of care used in each approach).

Statistical Analyses

Estimating effective coverage metrics and their associated uncertainty

Service contact coverage, readiness, intervention coverage, and process quality of care

were modelled separately using a small area estimation approach. In brief, we adapted an

existing Bayesian framework, which models direct survey estimates as a function of covariates

and space-time components [76]. This model has successfully been used to estimate readiness

and process quality of care indicators over time and space from multiple survey tools2. Direct

estimates and design-based variance estimates were computed using the survey package in R.

We fit the Bayesian hierarchical models using the Integrated Nested Laplace Approximation

[32] and the R-INLA package [33].

Each quality-adjusted metric was calculated as the product of two (approach 1) or four

(approaches 2-4) estimates. To ensure that the quality-adjusted metric reflects the uncer-

tainty associated with each of its components, we drew k = 1, . . . , 1000 posterior samples for

all components in region i and year t, and calculated:

θ
(k)
i,t = service contact(k)i,t ∗ readiness(k)i,t ∗ intervention(k)

i,t ∗ process of care(k)i,t

The quality-adjusted metric in region i and year t, and its uncertainty intervals were then

derived as the mean, and the 2.5% and 97.5% quantiles.

2See previous chapter
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Ecological regression model

We assessed the association between each of the four quality-adjusted coverage metrics

and U5MR over time and across administrative divisions. An ecological regression model

enables to pursue both an inferential aim, i.e. obtaining an estimate of the effect of each

coverage metric on U5MR, and a predictive aim, i.e. determining which coverage metric

best predict out-of-samples mortality rates. We modelled the logit-transform of regional-

level U5MR as a linear function of quality-adjusted coverage for sick-child care, covariates

and spatially and temporally structured random effects. Covariates utilized in the models

include regional-level estimates of diarrhea prevalence [66], and lower-respiratory infection

(LRI) incidence [67], to account for differences in risks between regions. Additionally, our

model includes regional-level estimates of full immunization coverage (1-dose BCG, 3-dose

DTP-HepB-Hib, 3-dose polio, 1-dose measles, and 3-dose pneumococcal vaccines) [104, 105],

and access to drinking water and sanitation facilities (WASH) [106], to adjust for potential

differences in the coverage of preventative interventions (see the list of covariates, their

source and resolution in supplementary table C.1). To avoid potential issues of circularity,

we excluded all covariates that were used to estimate U5MR in the initial study3, such

as malaria incidence, travel time to nearest city, or urbanicity [9]. We then obtained a

subset of all included covariates by checking for multi-collinearity using the variance inflation

factor (VIF) with a threshold of 3. Our ecological regression, which includes spatio-temporal

random effects to account for spatial and temporal dependence exhibited by regional-level

U5MR, is expressed as:

logit (U5MRi,t) = β0 + β1θi,t +Xi,tβ + γt + αt + ei + Si + δi,t (4.1)

where θi,t is the mean estimate of quality-adjusted coverage in region i and year t, Xi,t are the

regional-level covariates observed in region i in year t, αt are temporal random effects modeled

3U5MR estimates and their corresponding uncertainty intervals can be downloaded from
http://ghdx.healthdata.org/record/ihme-data/lmic-under5-mortality-rate-geospatial-estimates-2000-2017
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as a first order random walk, Si are spatially structured random effects, δi,t is a space-time

interaction term, and γt and ei are respectively temporal and spatial zero-mean independent

random effects. We compared the four quality-adjusted coverage metrics’ estimates and their

uncertainty intervals obtained from fitting model (4.1).

Predictive validity

We used out-of-sample testing to assess the predictive accuracy of model (4.1). We

removed all the observations for region i in year t, and compared the predicted U5MR with

the estimate of U5MR reported in the initial study. We compared the predictive accuracy of

model (4.1) fitted using the four different quality-adjusted coverage metrics, by comparing

coverage, i.e. the frequency at which the model estimates’ 95% intervals contained the initial

U5MR estimate.

Quality-adjusted coverage metrics comparison

Quality-adjusted coverage metrics were compared based on the two hypotheses that

guided our study: 1) evidence of a negative association between quality-adjusted coverage

and U5MR, as estimated by our ecological regression model, and 2) evidence of predictive

validity of a model including quality-adjusted coverage on U5MR.

Results

Levels and trends in sub-national disparities in quality-adjusted coverage metrics

In Senegal, Kenya, and Tanzania, quality-adjusted coverage for sick child care was low

across the four metrics. Figure 4.2 presents time series of predicted mean quality-adjusted

coverage (line) and associated uncertainty (shaded area) at the national level, for the four

different metrics. Overall, we see that metric 2, 3 and 4 lead to significantly lower mean

estimates of quality-adjusted coverage than metric 1, suggesting large gaps in quality and

readiness in the three countries. Additionally, we see minimal differences between metrics 2
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and 3, indicating that the basic measure of facilities’ readiness based on three tracer items

lead to almost identical estimates than those obtained using a 12-item measure of readiness.

However, considering fifteen rather than 3 diagnostic protocols led to a noticeable drop in the

quality-coverage metric 4, compared to metrics 2 and 3. Differences between countries over

the study period were not statistically significant, as illustrated by the overlapping uncer-

tainty intervals. National temporal trends are also characterized by substantial uncertainty,

but suggest a slight increase in quality-adjusted coverage in Kenya, a stagnation in Senegal,

and a decrease in Tanzania, over the study period. The substantial uncertainty both reflects

the sparsity of data, and the significant disparities in quality-adjusted coverage between sub-

national units. Multiplying sub-national level estimates of service contact coverage, receipt

of intervention coverage, basic readiness of child services, and prevalence of the assessment

of the three main symptoms leads to our third metric of quality-adjusted coverage mapped

for 2020 on figure 4.3. We see uniformly low levels of predicted quality-adjusted coverage,

ranging from 8.6% (2.9-17.0) to 27.6% (16.3-41.8) in Senegal, 10% (.01-30.9) to 22% (34.6-

44.2) in Kenya, and 2% (.01-11.9) to 14% (1.1-40.1) in Tanzania. Quality-adjusted coverage

seems marginally higher than the national average in the southeastern regions of Senegal, in

the northwestern regions of Kenya, and in the north of Tanzania.

Drivers of disparities and specific gaps

We present in figure 4.4 a decomposition of quality-adjusted coverage along the two

dimensions of service contact coverage against intervention coverage, for each country, in 2010

and 2020, in order to identify health system priorities along these two dimensions. In Senegal,

receipt of intervention coverage is high and shows little variability, with most sub-national

units in the upper quadrant of the figure, but service contact coverage is low and varies

significantly. In Kenya, most sub-national units in 2020 achieve high service and intervention

coverage in the upper right quadrant, i.e above 50%, which suggests important improvements

since 2010, when receipt of intervention coverage was below 50% for most sub-national units.

In Tanzania, all sub-national units are comprised on the upper and lower right quadrant
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Figure 4.2: Metrics of quality-adjusted coverage over time in Senegal, Kenya and Tanzania

of figure, suggesting levels of service contact coverage above 50%; receipt of intervention

coverage is however less than 50% in most sub-national units, over the study period, and

for all sub-national units in 2020. Supplementary figure C.1 adds a spatial lens by mapping
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a b c

Figure 4.3: Mean estimates of quality-adjusted coverage metric 3 in 2020, in Senegal (a),

Kenya (b) and Tanzania (c)

the joint distribution of service contact and receipt of intervention coverage; administrative

units are grouped by quantiles to compare their relative performances on these two cascade

stages and identify priority areas. Figure C.1a-b suggests that Senegalese sub-national units

with lowest service contact coverage are located in the southern and southeastern parts of

the country. In Kenya, highest coverage of both service contact and receipt of intervention

in the center of the country, lower service contact coverage in the Northeastern part of the

country, and lower intervention coverage in the lake region and the southeastern part of the

country (see figure C.1c-d). In Tanzania, figure C.1e-f suggests consistent spatial patterns

between 2010 and 2020, with higher receipt of intervention coverage but lower service contact

coverage in the northwestern regions of the country, higher service contact coverage but lower

intervention coverage in the south, and higher levels of both service and intervention coverage

in the eastern regions of the country.

Association between quality-adjusted coverage metrics and child mortality

We have fitted the model specified in equation (4.1), with the four different metrics

described in table 4.3 for quality-adjusted coverage. Point estimates of the fixed effects, along

with their associated standard deviation (SD), for the four models, are reported in table 4.4.

In general, our results match our expectations: prevalence of diarrhea and incidence of LRI
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Figure 4.4: Service contact and receipt of intervention coverage in Senegal, Kenya and Tan-

zania, by sub-national units in 2010 and 2020

are positively associated with under-five mortality, while coverage of the different vaccines

are negatively associated with under-five mortality. Our main predictor of interest, quality-
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adjusted coverage, was found to be negatively associated with under-five mortality, in all

four models, suggesting a protective effect at the ecological level. It is worth noting that

as the quality-adjusted coverage incorporates more elements of quality, its estimated mean

effect becomes more strongly negative, but the width of its credible interval increases as well:

β1 = −.82 (95% CI 1.66 - 0.02) in model 1, but β1 = −1.945 (-4.105 - 0.21) in model 4. Fixed

effects associated with the country variable were small and non-significant. Interaction terms

between the country and the quality-adjusted coverage variables were almost statistically

significant in Senegal and Tanzania. This suggests that, for a given level of quality-adjusted

coverage, mortality rates were higher in Senegal and Tanzania than in Kenya, on average.

Visualizations of the temporal and spatial random effects are provided in supplementary

section C.3. U5M has decreased significantly over our study period, especially in the first five

years (see figure C.2). Spatially structure random effects indicated positive spatial residuals

in the southeastern parts of Senegal, the lake region of Kenya and the southern regions of

Tanzania (see figure C.3) - three areas where malaria, whose incidence was not included in

the model to avoid circularity, is endemic.

Metrics of quality-adjusted coverage comparison

Higher quality-adjusted coverage means a higher proportion of children with recent ill-

nesses who received appropriate treatment at a health facility, and should therefore not be

positively associated with U5MR. We see with table 4.4 that none of the four quality-adjusted

coverage metrics were disqualified based on this criteria, as all were negatively associated with

U5MR. We further tested the sign of this association by visualizing the posterior densities

of each metric estimated effect. Supplementary figure C.4 shows the posterior distributions

of the association between quality-adjusted coverage and U5MR; the “Bayesian p-value", or

probability that the association is negative, corresponds to the area of the density that below

0, which ranges from 93.9% with metric 1 to 97.7% with metric 3.

Quality-adjusted coverage metrics should help predict under-five mortality rates; we used

two criteria to assess the four metrics’ ability to estimate U5M - the mean-squared errors
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and the leave-one-out predictions’ 95% coverage. We present the results in table 4.5: metrics

1 and 3 provided predictions that were the closest to the initial estimates, as indicated by

the mean-squared errors.

Table 4.5: Performances of the four models using the four different quality-adjusted metrics,

assessed using mean squared errors (MSE) and spatial leave-one-out predictions of U5MR in

the 118 sub-national units across Senegal, Kenya and Tanzania

Criteria Metric 1 Metric 2 Metric 3 Metric 4

MSE 3.1× 10−7 6.4× 10−7 3.2× 10−7 7.3× 10−7

Coverage (%) 98 88 95 92

Discussion

Improvements in the management of sick children will be key to sustain the reduction

in the burden of child mortality recorded in LMICs, in the last few decades. Quality-

adjusted coverage for sick-child care, a measure of the proportion of children with symptoms

of pneumonia, diarrhea, or malaria, that were diagnosed and treated at a health facility

according to evidence-based guidelines, is a critical metric to identify and resolve gaps in the

availability, readiness and quality of child health services. This study is, to our knowledge,

the first model-based approach to estimating quality-adjusted coverage at the sub-national

level and over time, using household and health facility surveys. Overall, we estimated

low levels of quality-adjusted coverage in the three countries over the study period, and

predicted for 2020 a coverage of 15.3%, 18.3%, and 10.2% in Senegal, Kenya, and Tanzania,

respectively - which supports and broadens previous findings. Riese and colleagues reported

national cross-sectional estimates of quality-adjusted coverage of 8.7% in Senegal in 2018,

and 11.5% in Tanzania in 2015, [107]. Using similar data sources but a narrower metric,
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Leslie et al. reported a coverage of 22.9% in Kenya in 2010, 11.7% in Senegal in 2014

and 15.6% Tanzania in 2015 [100]. Our spatial analyses added evidence of substantial and

persistent gaps at every stage of the cascade- in service contact coverage, readiness of services,

receipt of intervention coverage and process quality of care. In particular, we estimated

low levels of service intervention coverage across sub-national units in Senegal, and low

levels of receipt of intervention coverage across units of Tanzania. In Kenya, we predicted

moderate but improving levels of both service and receipt of intervention. Our spatio-

temporal estimates are directly relevant for assessing the impact of past interventions. For

instance, in Senegal, where USAID has defined seven “regions of concentration”, including the

southeastern regions of Kedougou and Tambacounda, with targeted direct funding between

2016 and 2021 dedicated to improving access and quality to RMNCH services. Our results

suggest that several of these regions have recorded large gains in quality-adjusted coverage

for sick-child care between 2016 and 2020.

Combining our spatio-temporal estimates with time series of sub-national indicators

of vaccination coverage, and environmental risks, we investigated the association between

quality-adjusted coverage, measured using four different approaches, and under-five mortal-

ity rates. We found evidence of a protective effect of quality-adjusted coverage, regardless of

the metric used, against child mortality, at the ecological level, although not statistically sig-

nificant. We found evidence of a positive interaction between quality-adjusted coverage and

country effects in Senegal and Tanzania. This interaction may reflect some country-specific

policies not accounted for in the model; for instance, Senegalese southeastern regions, which

have experienced the highest under-five mortality rates over the study period, are recipi-

ents of targeted international interventions [83], and have thus experienced large gains in

service contact coverage. This may also reflect the different mix of diseases that contribute

to child mortality in the three countries, or the differential benefits of health interventions

not accounted for in our model. For instance, pediatric HIV, which accounts for a much

larger share of deaths in Kenya than Tanzania or Senegal, has decreased over our study

period with the progress of mother-to-child transmission efforts [108]. Similarly, the uptake
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of insecticide-treated bed-nets has been significantly higher in Kenya than in Senegal or to

a lesser extent Tanzania [109].

We constructed four different quality-adjusted coverage metrics from recent frameworks,

developed to measure healthcare quality and effective coverage. Our approach to comparing

the four metrics was primarily data-driven: our ecological regression provided a framework to

assess their performances in predicting U5MR, at the ecological level. Similarly to Riese and

colleagues [107], we found that metrics using more concise or more expanded constructs led to

highly-correlated estimates of quality-adjusted coverage. Our results further indicated that

metrics using a succinct list of tracer items and diagnostic protocols to measure readiness and

process quality of care, performed, at least equally as more complex metrics in predicting

under-five mortality rates. These results seem to confirm previous critical assessments of

frameworks such as the World Health Organization’s SARA index, which are used to design

facility surveys, and lead to the collection of extensive, but partially redundant, information

on health services readiness and quality, while ignoring other important aspects of healthcare

quality [58]. More generally, we tried to highlight the fundamental tension in healthcare

quality measurement between producing quantitative metrics meant to be evidence for policy

makers, and simultaneously critically assessing the limitations of these metrics. This study

epitomizes this tension: we created four metrics to measure a complex concept, quality-

adjusted coverage, and used them to evidence sub-national disparities, before proof-testing

these constructs, with a regression framework, to contextualize and connect them to other

important health indicators.

Our work is not without several important limitations. First, to construct quality-

adjusted coverage metrics, we linked household and facility-level indicators at the sub-

national level- departments, counties and regions, which precludes us from identifying dis-

parities at a smaller scale, between cities or neighborhoods. Additionally, this administrative

linkage introduces measurement errors as it ignores the possibility that households seek care

in an adjacent administrative unit [110]. However, alternative techniques, such as direct

linkage based on distance or travel time, would have introduced significant mis-classification
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errors [93]. Second, our measures of quality-adjusted coverage for sick-child care is restricted

to sick children who sought care at a formal, public or private, health facility; the SPA

and SDI, from which we derived intervention coverage, readiness of services and process

quality of care, do not survey non-formal healthcare providers. However, we know that non-

formal providers, such as traditional healers, or private pharmacies can be involved in the

management of sick children; for instance, in Senegal, up to 40% of parents will first seek

diarrhea treatment for their children at private pharmacies [111]. Therefore, our estimates

could be underestimating the true level of coverage. Third, to calculate input-adjusted and

quality-adjusted coverage metrics, we estimated facilities’ readiness and process quality of

care, using WHO guidelines- the SARA and IMCI, to identify relevant items and diagnostic

protocols. Yet, standardized guidelines may only capture some aspects of service provision,

which is inherently multi-faceted and therefore challenging to assess [86]. Fourth, our re-

gression analysis of the association between quality-adjusted coverage and U5MR was done

at the ecological study, which leads to a substantial information loss: key individual-level

determinants of health-seeking behaviours and child survival, such as mother’s education or

socio-economic status, and child’s gender, age or order, could not be included in the analyses

[10]. Additional potential omitted variables include important predictors of child mortality

excluded to avoid circularity, such as malaria incidence, or because fine-scale estimates were

not available - for instance, pediatric HIV. Further threats to the consistency of our estimates

relate to the assumption that the effect of curative services (quality-adjusted coverage) and

preventive services (immunization coverage) on U5MR was additive. Given the documented

strong association between delivering these two interventions, alternative functional forms

(such as multiplicative or interaction terms) could have been more appropriate, but were

ruled out for simplicity of interpretation. Our results should therefore be interpreted cau-

tiously as evidence of association, rather than of causal inference. Lastly, the outcome of

our ecological regression, as well as most predictors, including the quality-adjusted cover-

age metrics, are statistical estimates with associated uncertainty. Yet, we used their mean

estimates as error-free, which can introduce biases in parameters and confidence intervals
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estimates, as well as reduce the power for detecting associations between variables [112].

While ignoring measurement error in explanatory variables is the most common approach

in the global health literature, future work could incorporate recent development in statis-

tics, to account for errors in ecological covariates measurement [113], and therefore improve

estimates of impact. Other possible extensions of our work toward inferential approaches

include an individual-level regression analyses of the association between quality-adjusted

coverage and child survival. Two recent studies have investigated the relationship between

healthcare quality and child survival, but lacked information on service and intervention cov-

erage [70, 94]. Furthermore, additional studies are needed to better understand the impact

of health systems’ organizational features on child mortality; in particular, beyond individual

providers’ adequate diagnostic and treatment of children sickness, appropriate and timely

referral practices or the lack thereof often have dramatic consequences on sick children sur-

vival [114]. Such work would require integrating new data sources including routine health

information systems, which would be more suited than cross-sectional facility surveys to

track children patients’ path through different levels of care, and identify bottlenecks.

Conclusion

Quality-adjusted coverage for sick-child care is a critical metric to identify and resolve

gaps in the availability, readiness and quality of child health services. Our results reveal

large and persistent within-country inequalities in quality-adjusted coverage, which may

undermine the sustained progress in reducing the burden of child mortality. The mapping of

estimates of service contact coverage, receipt of intervention coverage, readiness and process

quality of care, at fine spatial resolution, can be used to identify and resolve local gaps

in quality-adjusted coverage and ensure that the progress toward universal health coverage

leave no one behind.



71

Chapter 5

CONCLUSIONS

Summary Aims 1-3

Tuberculosis can be treated, prevented, and cured with effective life-saving therapies [40].

Yet, up to 35% of people living with tuberculosis are not diagnosed, notified to national tu-

berculosis control programs, and treated. Achieving the UN’s and WHO’s ambitious strategy

to “End TB” will require to improve access to high-quality tuberculosis services, especially in

high-burden countries [115], which includes ensuring that diagnostic and treatment capacity

is located where the need is the greatest. In Aim 1, we addressed the need to understand

sub-national variations in tuberculosis prevalence, and prevalence-to-notification ratio, which

has important implications for infection control, including determining local need for tuber-

culosis treatments, and identifying gaps in routine surveillance activities, in Bangladesh, a

high-burden country. Specifically, we adapted a Bayesian spatial framework to jointly ana-

lyze national prevalence and case notification data from Bangladesh National Tuberculosis

Control Program, and generated estimates for second-level administrative subdivisions (dis-

tricts). The results of this work indicated significant sub-national variations in tuberculosis

prevalence in Bangladesh, with high-burden districts in the northern part of the country.

Importantly, this work provided further evidence of substantial gaps in the diagnosis and

reporting of tuberculosis cases in two clusters of districts, identified in previous studies [25].

Our study presented methods and estimates that can help guide the efforts required to close

the gaps in diagnostic, prevention, and treatment in Bangladesh, and other high-burden

countries with similar data sources.

Poor-quality care is a major barrier to health gains in most low- to middle-income coun-

tries. Attempts to measure health services quality, to date, have focused on cross-sectional,



72

national studies, which overlooks temporal trends and sub-national inequities in healthcare

quality. Characterizing temporal trends and sub-national disparities in readiness and process

quality metrics, in three low- to middle-income countries - in Senegal, Kenya and Tanzania,

using health facility surveys, was the focus of the second Aim of this dissertation. We had a

particular interest in exploring the possible gains of a statistical framework supplementing

direct survey estimates with model-based predictions, building on correlation in time and

space and auxiliary information. In particular, we thought that such an approach could

provide time series of readiness and process quality estimates, at a finer spatial resolution

than what the surveys were powered to do. We found an overall good out-of-sample pre-

dictive validity of our models, with relatively high coverage and low mean-squared errors,

across metrics and countries. Our sub-national estimates evidenced overall gaps in readiness

and process quality metrics in Senegal, Kenya and Tanzania, with substantial within-country

disparities. Our study introduced new statistical methods that enhance the measurements of

actionable quality metrics, at a sub-national resolution that can help inform programmatic

decision-making and enhance equity in availability of high-quality services.

Finally, Aim 3 sought to address an important challenge in healthcare quality measure-

ment research; identifying relevant metrics to monitor access to health services of sufficient

quality. Quality-adjusted coverage is defined as the proportion of the population in need of a

health service that receives appropriate treatment according to standards, and as such, has

been described as an adequate metric to track countries’ progress toward universal health

coverage. We described temporal trends and sub-national disparities in quality-adjusted

coverage for sick-child care in three low- to middle-income countries; Senegal, Kenya and

Tanzania. We estimated four different metrics of quality-adjusted coverage, corresponding

to more or less concise approaches to estimate readiness and process quality of sick-child

care, from households and health facility data, and compared their performance in predict-

ing under-five mortality rates, over time, and at sub-national levels, using an ecological

regression framework. We found uniformly low-levels of quality-adjusted coverage across

the sub-national units of the three countries, with substantial spatial disparities along the
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cascade of service provision (service coverage, intervention coverage). We reported a neg-

ative association between quality-adjusted coverage and under-five mortality rates at the

ecological-level. The results of this aim were partially inconclusive, as we found no evidence

of one quality-adjusted coverage metric out-performing the others. However, the result that

a succinct list of tracer items and diagnostic protocols to measure readiness and process

quality of care, performed, at least equally as more complex metrics in predicting under-

five mortality rates may have implications for data collection efforts, and confirm previous

studies suggesting that current tools and frameworks used to estimate readiness and process

quality may measure redundant or irrelevant aspects of service provision while ignoring other

important aspects [58].

Future works

This dissertation represents an additional contribution to a growing body of work on

service provision in low- to middle-income countries. Following Tanahashi’s seminal typology

[98], health service coverage can be broken into a cascade of key “stages”. Measures of

service contact coverage have become available in LMICs with the increased availability of

household surveys, such as the Demographic and Health Survey. Service contact estimates

are calculated as the proportion of household members in need of a health service that

sought care with a health professional. The uptake of health facility surveys, such as the

Service Provision Assessment and Service Delivery Indicators, has provided measures of the

availability coverage, and insights into the readiness and process quality of care dispensed

in formal health structures. Finally, estimates of accessibility coverage have blossomed in

recent years with the enhanced use of GIS techniques in public health [48, 49].

Our dissertation proposed to build on this stream of work, by supplementing direct survey

estimates of the cascade with small area estimation methods, to describe temporal trends

and provide estimates at sub-national resolutions. By doing so, we were able to investigate

the question of equity in health service coverage, in the countries studied. We were also able

to test empirically the consistency of commonly-used constructs of health services readiness
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and process quality of care. Nevertheless, important gaps remain. For instance, none of this

dissertation focused on acceptability coverage, which corresponds to people’s willingness to

use accessible services and is influenced by factors, such as affordability, ease of use, dignity,

privacy, or non-discrimination. However, these factors are integral to the equitable provision

of high-quality services. Our Aim 1 would particularly benefit from the lens of acceptability,

in part as tuberculosis is characterized by significant gender differences in accessing care that

might be related to both financial barriers and stigma [116].

With regard to Aim 2, future work should focus on trying to critically assess the con-

sistency and composition of composite indicators used to describe facilities’ readiness and

process quality. First, calculated as arithmetic means of survey items, these composite

indicators may over-represent easy to measure areas of care, fail to represent the relative

relevance to quality of each item, and fail to reproduce the uncertainty associated with

the measurement of each item [85]. Latent variable models, including item factor analyses

methods, could provide an approach that would down-weight redundant items and account

for correlation between them, to supply a summary metric of readiness or process quality

with uncertainty. Second, indicators of readiness and process quality of care are derived

from assessment frameworks and clinical charts that can be poorly suited to local realities.

For instance, in aim 2, we found in Senegal and Tanzania, evidence of seasonality in the

frequency of the assessment of fever in sick children, which reflects seasonality in the risk

of malaria, suggesting an adaptive application of the guidelines by providers facing a high

caseload. More broadly, going through these guidelines may resemble a box-ticking exercise

if the provider has already diagnosed the disease. Future research could study further the

reasons for the extensive gaps in adherence to evidence-based guidelines and ways to resolve

them.

With regard to aim 3, individual-level regression analyses of the association between

quality-adjusted coverage and child survival could expand our evidence of a protective ef-

fect. In particular, individual-level analyses would allow to include key individual-level de-

terminants of health-seeking behaviours and child survival, such as mother’s education or
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socio-economic status, and child’s gender, age or order. Assessing the relative importance of

different modifiable factors, such as immunization status, utilization of quality health-care,

access to improved water sources and sanitation, and wealth, on individual child survival

could have tremendous implications in terms of policy-making and prioritization of interven-

tions.
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Appendix A

APPENDIX: CHAPTER 2

A.1 Supplementary Data

A.2 Supplementary Methods

A.2.1 Estimating tuberculosis prevalence at the district level

District-level TB prevalence using Horvitz-Thompson estimator

For each cluster c = 1, . . . , 125 sampled within strata (rural/urban), k ∈ sc represents the

individuals sampled in cluster c. We label Yck = 1 if individual k in cluster c is a confirmed

TB case. Noting design-weights wck, we estimate the prevalence of TB in district i using the

design-based weighted or Horvitz-Thompson estimator:

pHT
i =

∑
c∈i

∑
k∈c wckYck∑

c∈i
∑

k∈cwck

(A.1)

with variance V ∗
i calculated using standard methods, such as jackknife. Supplemental Figure

S1 displays the design-based estimates of prevalence and their associated uncertainty for the

45 districts where data was collected.

Spatial smoothing model

To increase the precision of the design-based estimates of prevalence, and to predict

prevalence for districts where no data was collected, we use a hierarchical spatial model

inspired by Fay and Herriot classic framework:

logit(pHT
i ∼ N(θi, Vi) (A.2)

θi = xT
i β + εi + Si (A.3)
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Where εi ∼iid N(0, σ2
ε) and S = [S1, . . . , Sn] are intrinsic conditional autoregressive

(ICAR) terms. Our estimate of prevalence in district i is then p̂i = eε̂i

Model selection

Our model selection criteria favored parsimonious models with fewer predictors: the best

model according to the DIC, WAIC and RMSE only included the temperature, while the

CPO favored a model with both temperature and prevalence of overcrowding as predictors.

Both models, along with a model without any predictor (simple spatial smoothing), produced

similar predicted TB prevalence rates.

A.2.2 Estimating prevalence-to-notification ratio at the district level

For each district i we calculated for 2016 the case notification rate defined as the number

of TB case notifications per 100,000 inhabitants, cnri = Ni

popi
∗ 100, 000, where Ni is the

number of cases notified in district i in 2016, and popi is the population in district i. We

then obtained our estimate of the prevalence-to-notification ratio (with uncertainty interval)

as the ratio of the prevalence estimate and the case notification rate: pni =
p̂i

cnri

A.2.3 Counterfactual analysis

For each district, we calculated the additional number of cases that could have been

notified had the district at least achieved the national prevalence to notification ratio of 2.8

(noted N∗
i ).

The counterfactual number of cases notified in district i noted N c
i is equal to:

N c
i =

p̂i ∗ 100, 000
min(pni, 2.8)

(A.4)

We then derive N∗
i from the counterfactual number of cases notified in district i and the

actual number of cases notified in district i, Ni:

N∗
i = N c

i −Ni (A.5)
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By definition, N∗
i is zero in all districts were the estimated prevalence-to-notification ratio

is less or equal to 2.8. The case notification rate is defined as the number of TB case

notifications per 100,000 inhabitants, and noted cnri. We then obtained our estimate of

the prevalence-to-notification ratio (with uncertainty interval) as the ratio of the prevalence

estimate and the case notification rate: pni =
p̂i

cnri

A.3 Supplementary Results

Figure A.1: Design-based (Horvitz-Thompson) estimates of TB prevalence by district,

2015–2016 Districts left blank (labelled “NA”) are the districts that did not contain any

cluster sampled during the survey in 2015–2016.
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Figure A.2: Predicted TB median prevalence (per 100,000) with the best (a), the smoothing

(b) and the CPO (c) model
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Figure A.3: Predicted median prevalence of household overcrowding in Bangladesh between

2007 and 2015
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Figure A.4: Relapse cases per 1,000 TB cases in Bangladesh in 2016
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Table A.4: Complete list of district-level prevalence estimates per 100,000 inhabitants (1/3)

Districts Mean estimates 97.5th percentile 2.5th percentile

Barisal 200 280 140

Bhola 260 260 250

Pirojpur 230 490 110

Brahamanbaria 350 580 220

Chandpur 290 360 240

Chittagong 240 370 160

Comilla 270 450 160

Feni 280 580 130

Khagrachhari 310 410 230

Lakshmipur 270 560 130

Noakhali 220 390 110

Rangamati 250 330 190

Dhaka 200 300 130

Faridpur 240 510 120

Gazipur 440 640 310

Gopalganj 240 490 110

Kishoreganj 190 270 130

Manikganj 250 420 150

Narayanganj 200 290 140

Tangail 290 560 150

Bagerhat 220 460 100

Chuadanga 210 400 110

Jessore 160 310 80

Jhenaidah 230 370 140
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Table A.5: Complete list of district-level prevalence estimates per 100,000 inhabitants (2/3)

Districts Mean estimates 97.5th percentile 2.5th percentile

Khulna 400 480 340

Kushtia 310 410 230

Jamalpur 220 330 150

Mymensingh 270 380 190

Netrakona 640 690 580

Bogra 210 320 140

Naogaon 430 650 290

Natore 180 340 90

Nawabganj 230 480 110

Pabna 270 490 150

Rajshahi 210 280 160

Sirajganj 250 530 120

Dinajpur 310 550 180

Gaibandha 260 430 160

Nilphamari 320 670 150

Rangpur 310 470 210

Thakurgaon 320 670 150

Habiganj 340 720 160

Maulvibazar 340 630 170

Sunamganj 840 1020 690

Sylhet 520 710 370

Bandarban 300 630 140

Barguna 240 500 110

Cox’s Bazar 260 540 120
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Table A.6: Complete list of district-level prevalence estimates per 100,000 inhabitants (3/3)

Districts Mean estimates 97.5th percentile 2.5th percentile

Jhalokati 250 530 120

Joypurhat 270 560 130

Kurigram 350 740 170

Lalmonirhat 340 710 160

Madaripur 250 520 120

Magura 230 490 110

Meherpur 210 450 100

Munshiganj 260 530 120

Narail 220 470 110

Narsingdi 280 570 130

Panchagarh 410 860 190

Patuakhali 260 540 120

Rajbari 240 500 110

Satkhira 200 420 90

Shariatpur 260 540 120

Sherpur 370 770 170
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Appendix B

APPENDIX: CHAPTER 3

B.1 Supplementary data

B.1.1 Samples of the SDI and SPA surveys

In Senegal, data were collected as part of a Continuous SPA, which achieved a census

of all facilities after five rounds of surveys. Half of the hospitals and health centers were

selected in the first (2012-13) and third round (2015) of SPA, while the other half were

selected in the second (2014) and fourth round (2016), which created a dependent sampling

structure between the first four rounds of the continuous SPA. Random samples of facilities

were selected for the SPA conducted in 2017, 2018 and 2019. As the higher levels in the

process quality metrics, observed in years 2015 and 2016 compared to 2012-13 and 2014, were

not found in the later years, we can hypothesize that the facilities and providers who were

observed for the second time in 2015 and 2016, had a better knowledge of SPA interviewers

assessment criteria, which could have led to an enhanced Hawthorne effect.

B.1.2 Geo-locating health facilities

For SPA survey data, we determined in which regions each facility was located using

the GPS coordinates provided by the DHS program and the second-level administrative

shapefiles that are publicly available from the Database of Global Administrative Areas

(https://gadm.org/). The two most recent SPA surveys in Senegal did not collect GPS

coordinates, but DHS provided a linkage file to assign a departement to each sampled facility.

SDI surveys include the administrative units as a variable directly.
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Table B.1: Characteristics of the health facilities sampled in the SPA, by year in Senegal,

Kenya and Tanzania

Senegal Kenya Tanzania

SPA 2013 SPA 2014 SPA 2015 SPA 2016 SPA 2017 SPA 2018 SPA 2019 SPA 1999 SPA 2004 SPA 2010 SPA 2006 SPA 2014

Total number of facilities 364 363 375 371 396 339 361 388 440 703 611 1200

Facility type

Hospital 35 35 38 35 35 29 31 32 172 253 128 263

Health centre 64 62 65 61 74 62 64 90 51 101 41 380

Clinics 265 266 272 275 287 248 246 256 217 349 437 557

Managing authority

Public 305 293 299 288 315 270 288 177 175 351 425 783

Private 59 70 76 83 81 69 73 211 265 352 186 417

Sick child consultations observed 1307 1212 1262 1026 1064 715 884 623 1211 2016 2559 4961

B.1.3 Sampling of sick child visits and vignettes

In the SPA, the survey teams randomly selected three providers of curative care of sick

children among all providers in this service present at the facility the day of the assessment.

A maximum of five client consultations for each selected provider was observed. The client

weights use the facility sampling weight as its base weight, and take into account the total

number of clients listed and interviewed within each of the sampling stratum, to calculate the

probability of a given consultation to be observed. In the SDI, vignettes were administered to

a random sample of health providers (doctors, medical assistants, nurses) among all eligible

providers present at the facility the day of the assessment. providers were randomly sampled

among all eligible providers at the facility. The weights here simply represents the percentage

probability of selection of a provider within each facility.



102

B.1.4 Differences between the SPA and SDI surveys

The SPA and SDI surveys’ inventory questionnaire mostly collect the same information,

as both surveys use WHO’s SARA framework to assess the availability and readiness of

key infrastructure and services in facilities, what we referred to as readiness in this study.

However, the differences in the methodology used to assess providers’ knowledge and com-

petence, referred to as process quality in this article, differs significantly. In the SPA survey,

interviewers observe directly patient-provider consultations using an observation protocol.

In the SDI survey, interviewers act as patients and record providers’ questions, examinations

and recommendations to an hypothetical clinical case, known as vignette. Past studies have

shown that compliance to protocol checklists tend to be higher with vignettes than with

direct clinical observations [59]. To account for these differences in the assessment of process

quality between the SPA and SDI surveys, we used survey-specific effects in our model.

B.2 Supplementary Methods

B.2.1 Spatial random effects

Regional-level random effects were used to model the potential influence of unmeasured

features of the local health system. The use of spatially structured random effects reflects

our assumption that these unobserved characteristics affecting the availability of quality

care are likely to be correlated in space. For instance, remote administrative units might

face challenges - in accessing steady drug supply chains for essential medicines and testing

materials, or in attracting qualified health workers - that are more similar to adjacent units

than that experienced in the capital city. We evaluated alternative models where regional-

level random effects were assumed to be independent and identically distributed rather than

spatially correlated (see C.2.1).
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B.2.2 Senegal - Accounting for the sampling design

In Senegal, to account for the changing sampling methods (described in B.1.1), we

adopted an analytical approach that includes random-effects to account for the rounds of

SPA that comprised repeated selection of facilities.

B.2.3 Model selection

Direct estimates and design-based variance estimates were computed using the survey

package in R. We fit the Bayesian hierarchical models using the Integrated Nested Laplace

Approximation [32] and the R-INLA package [33]. We obtained a subset of all included

covariates by checking for multi-collinearity using the variance inflation factor (VIF) with a

threshold of 5. For each indicator and country, we compared the 8 models presented in table

C.2 consisting of different combinations of the covariates selected with the VIF procedure,

and spatio-temporal random effects, using three selection procedures (the deviance informa-

tion criteria [DIC], the Watanabe-Akaike information criteria [WAIC], and the conditional

predictive ordinate [CPO]). In the absence of consensus on a single criterion, when different

criteria pointed to different models, we used a majority rule.

B.2.4 Summary inequality measures description

Documenting systematic differences in readiness and process quality can have impor-

tant implications for policy and drive spatially targeted interventions [117]; we used several

absolute and relative metrics of inequality capturing different patterns of disparities.

High-to-low difference and ratio

Comparing posterior samples of quality of care metrics between administrative units,

we estimated the high-to-low difference (respectively, ratio) as the absolute difference (resp.

relative ratio) between the best (noted pnt) and worst (p0t) performing area in a given country
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for a given year:

p̂nt
s − p̂0t

s for s = 1, . . . , 1000

p̂nt
s

p̂0t
s for s = 1, . . . , 1000

Inequality pattern index

The inequality pattern index proposed by Victora and colleagues [84] is a measure of

regional inequality, which describes the difference between two gaps: the gap between the

top-performing subnational unit and the national mean, and between the worst-performing

subnational unit and the national mean, such that positive values suggest greater gaps be-

tween the top performing area compared to the national level, while negative values indicate

larger differences between the bottom and the national level:

(p̂nt
s − p̂t

s)− (p̂t
s − p̂0t

s) for s = 1, . . . , 1000

Supplementary Results

B.2.5 Model validation

Figure B.1 displays the posterior uncertainty intervals estimated from the model, and the

observed survey estimates for different regions and years in Senegal, for the four readiness

and process quality metrics. Figures B.2 and B.3 present the same information for Kenya,

and Tanzania, respectively.

Figure B.7 proposes bi-variate maps describing how service contact and receipt of in-

tervention coverage vary together spatially in Senegal, Kenya and Tanzania, over the study

period. Administrative units are grouped by quantiles to compare their relative performances

on these two dimensions of process quality and identify priority areas. Figure C.1a-b sug-

gests that the relative ranking of subnational units has changed substantially over the study
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Figure B.1: Direct survey estimates coverage by model-based uncertainty interval, in Senegal.

period. In Kenya, most subnational units in 2020 achieve high service and intervention cov-

erage in the upper right quadrant of figure C.1g, i.e above 60%, which suggests important

improvements since 2010, when receipt of intervention coverage was below 50% for most

subnational units. These changes seem to have enhanced the spatial disparities observed

on figure C.1c-d: highest coverage of both service contact and receipt of intervention in

the center of the country, lower service coverage in the Northeastern part of the country,

and lower intervention coverage in the lake region and the southeastern part of the country.

In Tanzania, all subnational units are comprised on the upper and lower right quadrant of

figure C.1g, suggesting levels of service contact above 50%; receipt of intervention coverage

is however less than 50% in most subnational units, over the study period, and for all sub-
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Figure B.2: Direct survey estimates contained in the model-based 95% credible intervals, in

Kenya.

national units in 2020. Figure C.1e-f suggests consistent spatial patterns between 2010 and

2020, with higher receipt of intervention coverage but lower service coverage in the north-

western regions of the country, higher service coverage but lower intervention coverage in

the south, and higher levels of both service and intervention coverage in the eastern regions

of the country. We further explored subnational disparities in process quality metrics by

looking at the relative ranking of subnational units along the two dimensions of providers’

average compliance with diagnostic protocols and adequate treatment of sick children (see

supplementary figure B.7).
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Figure B.3: Direct survey estimates contained in the model-based 95% credible intervals, in

Tanzania.
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Table B.2: Characteristics of the health facilities sampled in the SDI, by year in Senegal,

Kenya and Tanzania

Senegal Kenya Tanzania

SDI 2010 SDI 2012 SDI 2018 SDI 2010 SDI 2014 SDI 2016

Total number of facilities 151 292 3,094 175 383 386

Facility type

Hospital 0 51 161 NA 27 30

Health centre 142 62 484 NA 84 92

Clinics 41 100 2,449 NA 272 264

Managing authority

Public 151 158 1,781 175 269 273

Private 0 134 1,313 0 134 127

Vignettes 150 625 4,430 180 570 543
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Table B.3: Models considered to estimate quality metrics over time and space

Model Formula

1 γt + αt + ei + δit

2 γt + αt + ei + δit + νs

3 Xitβ + γt + αt + ei + δit

4 Xitβ + γt + αt + ei + δit + νs

5 γt + αt + ei + Si + δit

6 γt + αt + ei + Si + δit + νs

7 Xitβ + γt + αt + ei + Si + δit + νs
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2010 2020 

0.3 

A. IMCI diagnostic protocols

B. General SRI
2010 2020

Figure B.4: IMCI diagnostic protocols (a) and General SRI (b) estimates, in Senegal in 2010

and 2020
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2000 2020
Child-SRI 

0.80 

0.75 

0.70 

0.65 

2000 2020

B. Child SRI

A. IMCI Diagnostic Protocols

Figure B.5: Child IMCI diagnostic protocols (a) and child SRI (b) estimates, in Kenya in

2000 and 2020
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0.65 
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Figure B.6: General SRI estimates, in Tanzania between 2005 and 2020
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2000 2010 2020

2010 2020

2005 2010 2020

Figure B.7: Joint distribution of the two process quality of care metrics in Senegal, Kenya

and Tanzania, over the study period. Breaks were created at the 33rd and 66th percentiles

for the two metrics.
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Appendix C

APPENDIX: CHAPTER 4

C.1 Supplementary Data
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C.2 Supplementary Methods

C.2.1 Model selection

Direct estimates and design-based variance estimates were computed using the survey

package in R. We fit the Bayesian hierarchical models using the Integrated Nested Laplace

Approximation [32] and the R-INLA package [33]. We obtained a subset of all included

covariates by checking for multi-collinearity using the variance inflation factor (VIF) with a

threshold of 5. For each indicator and country, we compared the 6 models presented in table

C.2 consisting of different combinations of the covariates selected with the VIF procedure,

and spatio-temporal random effects, using three selection procedures (the deviance informa-

tion criteria [DIC], the Watanabe-Akaike information criteria [WAIC], and the conditional

predictive ordinate [CPO]). In the absence of consensus on a single criterion, when different

criteria pointed to different models, we used a majority rule.

Table C.2: Models considered to estimate the association between quality-adjusted coverage

metric and under-five mortality rates, by subnational units and over time

Model Formula

1 γt + αt + ei + δit

2 γt + αt + ei + Si + δit

3 Xitβ + γt + αt + ei + δit

4 Xitβ + γt + αt + ei + Si + δit
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C.3 Supplementary Results

a b

c d

e f
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Figure C.1: Service and receipt of intervention coverage quantiles in 2010 (a) and 2020 (b)

at the second administrative level in Senegal. Service and receipt of intervention coverage

quantiles in 2010 (c) and 2020 (d) at the first administrative level in Kenya. Service and

receipt of intervention coverage quantiles in 2010 (e) and 2020 (f) at the first administrative

level in Tanzania.
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C.3.1 Random effects summaries and visualizations

Figure C.2: Temporal random effects modelled as a first order random walk

C.3.2 Posterior distributions ecological regression model
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RE 
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Figure C.3: Spatially correlated random effects

Figure C.4: Posterior densities of the fixed effects for quality-adjusted coverage under the

four models (on the transformed-logit scale)
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Difference between metric 4 and metric 1 in Senegal

Difference between metric 4 and metric 1 in Tanzania

Difference between metric 4 and 1 in Kenya
Difference between metric 4 and 1 in Senegal

Figure C.5: Comparing posterior mean estimates of quality-adjusted coverage between met-

rics 4 and 1, in Senegal, Kenya, and Tanzania
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