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Chapter 8

The overall research aim of this thesis was to present novel research and
evidence for subnational geographic TB case-finding prioritization. The first
three research objectives and chapters of this thesis focused on aspects of
data readiness for subnational predictive modelling or ranking of TB burden
or case-finding priority. These covered the value of making data spatial
(chapter 2), digital (chapter 3), and exploring the value of a novel data source
to reflect realized geographic accessibility of TB services (chapter 4), which
has been difficult to measure.

Modelers are increasingly turning to machine learning technology to predict
TB risk; however, how these models work may be proprietary, and may be
more difficult to understand as the methods differ from those of regression
models more commonly applied in epidemiological research. Chapters 5 and
7 internally and externally validated a machine learning model for prediction
of ACF B+ TB positivity rates. Chapter 6 assessed the utility of a data reduction
technique to rank TB risk geographically, in the absence of an outcome
variable which could be used to train a predictive model. This discussion
summarizes the relevance of the findings of chapters 2- 7 in the context of
the four research objectives. It then discusses these findings in the context of
newer literature and suggests how they can be used for geo-prioritization of
TB case-finding, in practice and in research.

I1st research objective: Describe and analyze
global practices in accounting for spatial
autocorrelation in epidemiological research of
infectious diseases, to inform decision-making.

Our research objective in chapter 2 was to summarize global practices
accounting for spatial autocorrelation in infectious disease epidemiological
research, and incorporating findings into recommendations. We conducted
a systematized literature review of epidemiological studies accounting for
spatial autocorrelation in communicable diseases, covering 2015- 2021 in
PubMed and the CABI digital library (1,2). We described the proportion of
studies which described, explained or predicted spatial patterns of infectious
disease health outcomes, and the proportion which provided concrete
spatially explicit public health recommendations. We observed an increasing
year-on-year trend of studies meeting all search criteria. Most of the final
98 studies (81%) conducted spatial analysis at an administrative level, while
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19 studies used point locations. The most studied diseases were COVID-19
(17%), dengue (13%), and TB (13%), and most studies were conducted in Asia
(62%) with only 13% based in Africa. The majority of studies reported findings
on spatial autocorrelation (72%), and 58% conducted statistical modelling
although only 19% of the modelling studies reported on spatial autocorrelation.
68% of studies provided recommendations on how to interpret the results for
public health implementation or policy; only 29% of studies provided spatially
explicit recommendations.

These findings imply that there appears to be a global shift toward further
incorporation of spatial autocorrelation into the analysis of infectious disease
epidemiology. Yet the results of these studies are slow to be adopted into
spatially explicit recommendations. This means that while knowledge and
skills are present to factor spatial patterns into our collective understanding
of disease distribution, there are factors which prevent them from being
framed as actionable information. We noted that there was considerable
inconsistency in the methods applied across similar research aims and types
of data, as well as in the terminology used to report findings. Much of the
language used in recommendations was vague and cautious, often so broad
that they could be applied to a wide range of diseases or study settings.
A globally recognizable standardized set of terminology and methods to
streamline spatial analytical processes may support more researchers to write
more spatially explicit implementation recommendations, which may also
enable increased policy adoption. It may also be useful to assess the extent
to which recommendations were taken up in planning, policy development, or
research agenda setting, and obstacles in doing so.

2nd research objective: Explore the operational
challenges in data digitization during primary
data collection of TB active case-finding
activities in Pakistan.

In chapter 3 we applied a mixed methods study design to describe the factors
affecting the digitization of paper-based data collection for mobile TB active
case finding in low internet settings of Pakistan. Our primary aim was to
compare quality and completeness of data entered through paper and pencil
interviewing (PAPI) and computer-aided personal interviewing (CAPI) at TB
chest camps in Pakistan. The secondary aim was to assess user acceptability
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of hybrid PAPI/CAPI and exclusive CAPI data entry. Between August 2020
and March 2021, the hybrid data entry approach was piloted in chest camp
settings, transitioning away from PAPI. PAPI was used as the gold standard
due to chest camp teams’ familiarity with paper tools. Among 140 chest
camps registered in both the CAPI and PAPI with exact locations captured
for 80, four process indicators were significantly under-reported while one
was significantly over-reported among CAPI records. Focus group discussion
(FGD) participants reported general satisfaction with the CAPI tools while
acknowledging that low pre-existing digital literacy reduces training efficacy.
The hybrid PAPI/CAPI approach increased burden during chest camps which
negatively impacted the ability to interact with chest camp participants.

In relation to the research objective, although variations in CAPI data
quality were observed, results suggest that deployment of CAPI is feasible
in low-internet settings, with reasonable quality, however with important
conditions. The operational challenges centered around CAPI under-reporting
of specific process indicators, but this could be explained by unclear skip logic
in the CAPI tool, and the increased burden van teams were under to enter
data doubly in CAPI and PAPI tools. This pressure would naturally lead to
gaps in data entry. Nevertheless, the variation in quality by van team suggests
that individual level factors (comfort, knowledge uptake during training) affect
uptake of digital technology. However such factors are foreseeable, and may
be addressed with properly resourced training and supportive supervision.
These findings combined with the general support of digital technology
reported through FGDs suggest that digital data capture is worthwhile, but
that it requires substantial training, a tailor-made data reporting accountability
structure, heavy investments in data collection and storage systems, as
well as technology to link patient records between separate data collection
stations within the chest camp.

3rd research objective: Evaluate the utility
of telecom population movement data in
reflecting geographic access to TB service
points in Pakistan.

While TB planners and researchers acknowledge that geographic accessibility
is a major factor in determining whether people with TB symptoms end up
accessing care (3), measuring accessibility generally requires primary data
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collection from individuals seeking care. Telecommunications (telecom)
data capture aggregate population movements through cellular tower
connection events, presenting an opportunity to study actual travel behavior
from an inferred residential geographic origin to an inferred endpoint. We
measured this by comparing telecom derived estimates with those from
in-person interviews of visitors to TB service points, each normalized to
the service point’s surrounding catchment populations (Chapter 4). We also
explored whether accessibility based on in-person interviews varied across
socioeconomic and geographic factors. Primary data on distance traveled to
service points were collected from 1,690 respondents from 108 public and 110
private TB service points, of which telecom population movement data were
available and supplied for 90 public and 77 private service points in 2023.

Based on exit interviews the median travel distance was 2.66 km (95% CI:
2.20- 3.48), with largest median travel distances reported in the provinces
Balochistan (3.67 km) and Punjab (3.26 km), and lowest in non-Karachi Sindh
(1.48 km). Travel distance was similar across urbanicity and socioeconomic
status, but higher for public sector sites (2.88 km) compared to private sector
sites (2.48 km). Most interviewed visitors traveled from the 0-5 km distance
band, with increasingly fewer visitors from further distance bands. Observed
and modelled geographic accessibility rates decreased exponentially with
increasing distance for both the public and private sector facilities, and
across both sources of data; however, the decay curve was much steeper in
the interview data. The final multivariate model showed that the measured
geographic accessibility rates differed significantly depending on the data
source, with telecom data showing higher rates of accessibility at each
distance band.

We concluded that telecom and exit interview data reflect different travel
behavior patterns and therefore different aspects of geographic accessibility
of TB services in this context. Telecom data captures general population
movement which does not reflect individual movement patterns from
residence to health care site, and can be understood to reflect potential, more
so than actual, geographic accessibility. Telecom data tended to overestimate
geographic accessibility across all distance bands compared to in-person
interviews. However because telecom data reflect the same overall pattern
across distance bands as that of in-person interviews, telecom data may still
be useful in understanding where needs for services are relatively higher and
lower. Therefore, in-person interviews and primary data collection may not be
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needed to assess relative differences in accessibility, geographically. When
such geographic accessibility assessments are combined with secondary
sources of data such as notifications, pharmaceutical sales, or care-seeking
behaviors, there is much potential to understand how services and (reported)
needs align. Furthermore, because telecom data reflect potential service
accessibility, they may help to quantify the potential number of beneficiaries
where new services are being considered. Finally, our research highlights the
difficulty in accurately defining facility catchment populations against which
to standardize accessibility or utilization rates, adding evidence to support
discussions around how to improve this for future accessibility modelling
efforts.

4th research objective: Evaluate the
performance of models to predict TB active
case-finding efficiency.

In chapter 5 our primary aim was to predict chest camp bacteriologically-
positive (B+) TB rates using a negative binomial spatial lag regression
(NBR), i.e. frequentist model, and to then compare and cross-validate these
predictions with those of a proprietary Bayesian machine learning (BML)
model developed by a third party. B+ TB rates derived from 414 geo-located
chest camps across 40 tehsils of Pakistan served as the outcome variable,
based on the hypothesis that these rates approximated community TB
burden. Both models used the same covariates selected through the MATCH
conceptual framework, encompassing a range of TB programmatic data,
sociodemographic and health accessibility indicators (4). Since the outcome
variable showed spatial autocorrelation, the final model included a spatial lag
variable which remained significant, along with migration rate. Both models
performed with similar accuracy and precision. The highest and lowest
ranked tehsils from both models showed significant spatial clustering in the
LISA analysis.

These results led us to conclude that simpler frequentist models accounting
for spatial dependencies have the capacity to predict chest camp B+ TB
positivity rates with similar precision and accuracy as BML models. This
suggests that model performance may be more driven by selected covariates
than by the modelling framework. Comparing BML with frequentist models
may provide a partial check of the BML model, but it is possible that both
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models were subject to similar misspecifications, and is not a replacement for
external validation. However comparing with frequentist models can help to
make ML outputs more epidemiologically interpretable, whereas BML mutual
information criterion values do not give indication of effect sizes or statistical
differences between covariates in regression outputs. The efficiency
advantages of ML technology may make this a suitable option for chest camp
geo-prioritization in high risk, low access areas. However, the precision we
found of one person per 51 people screened may be regarded differently in
areas of high and low prevalence. In our study setting, it was not uncommon
to detect zero people with TB in an event attended by 50 people; therefore,
if the model were to predict a yield of 1 person with TB out of 51 screened
individuals in specific area, there is a high risk of finding zero people with TB.
This level of precision may be best suited to an area where one can be sure of
detecting more people with TB, in order to optimize efficient use of resources.
Efforts should be made to develop predictive models with better precision.

Most of the time, no suitable proxy for community TB burden is available for
modelling, in which case risk rankings may be preferred. In Chapter 6, we
retrospectively evaluated the degree to which a principal component analysis
(PCA) based risk index for commune level TB burden in Viet Nam could be
used to accurately rank B+ TB case detection rates (CDR) standardized to
the participant population, based on ACF data. Based on secondary data
within five provinces targeted for ACF events, including TB notification and
lab positivity rates, sociodemographic and health accessibility indicators
factoring in COVID-19 related disruptions, we generated a commune-level
risk index based on PCA and categorized each commune into risk quintiles.
Principal components (PC) 1-3 explained at least 60% of data variance in all
provinces. Component loading plots showed strong clustering between
variables for all five provinces. In high and medium-PCA risk communes,
observed B+ TB CDRs were 1,076 and 704 per 100,000 people respectively,
and 495 in low-risk communes. In the mixed model regression ACF events
in the high risk PCA quintile communes had a significantly higher TB CDR
compared to ACF events in the low PCA risk quintile communes.

We concluded that in this setting the PCA accurately parsed communes into
high, medium, and low risk categories for community TB case detection.
Surprisingly, these categories were not ranked in a linear fashion, with lowest
risk (and lowest CDR) communes appeared in the middle of PCA index. This
suggests that TB risk may not increase linearly in relation to the risk factors
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included in the PCA. In the absence of ACF event outcome data, data
reduction techniques such as PCA may support geographic prioritization of
ACF events at the commune level. For case-finding planners without digitized
and geo-located ACF event level data, this may be a valid approach to start to
geographically plan ACF activities in a data-driven manner. Also, a risk factor
based PCA approach may help to improve case-finding efficiency, and should
be evaluated prospectively to assess whether this could be used for ACF
geo-prioritization in areas where retrospective evaluation (such as this study)
has proven successful. While statistical and epidemiological knowledge and
data management resources are required to prepare and analyze data for this
approach, much of this can be programmed using statistical software, and
automatically updated when data updates become available. It may also be
worth exploring whether this approach can be valid in facility based ACF.

In chapter 7 we externally validated a spatially explicit machine learning
Bayesian predictive model (the ‘MATCH Al’ model) for chest camp B+ TB rates
by assessing predictive accuracy over time. This was the same model internally
validated in chapter four, although with a different dataset and study period
(1,999 chest camps conducted between July 2021 and September 2022)
across five provinces and territories in Pakistan. Observed B+ TB rates per
chest camp were used to train and update the MATCH Al model’s predictions
of B+ TB rate, per 10,000 population cluster, i.e. thiessen polygons. During
the study period, the model was produced then updated nine times, i.e.
across nine prediction windows, with data from completed chest camps. The
MATCH Al model predictions showed weak and non-significant predictive
performance across all but the final prediction windows. Standardized median
residual errors ranged between -0.294 and -0.124, improved non-significantly
over time and were larger among larger predictions, revealing likely model
misspecification. Low rank order predictive accuracy was also observed. The
model predicted significantly higher B+ TB rates in study areas compared to
non-study areas, and the screening implementer and the MATCH Al model
appeared to appraise similar locations as having the highest B+ TB rates. The
model appeared to perform better in more remote areas, and where fewer
people attended chest camps.

We concluded that, unsupervised, the MATCH Al model neither predicted
nor ranked B+ TB positivity accurately at the thiessen polygon level during
the study period, and that accuracy did not appear to improve over time
with continuous exposure to updated outcome or covariate data. Model

240



Discussion

misspecification was possibly related to the number of people screened
per ACF event in the outcome variable. Our results showed that there is
considerable room to improve predictive accuracy of the MATCH Al model,
and possible avenues for model improvement, for example by including a
migration term. They also provide a baseline against which future development
of spatially explicit predictive models for TB risk can be compared. We
concluded that performance of the MATCH Al model should have been
supervised to improve performance. There may be need for separate urban
and rural models due to vast differences in risk factors, population dynamics
such as migration patterns and population clustering. The growing interest in
machine learning technology to carry out otherwise tedious data processing
tasks needed for such modelling exercises is valid. But realistic investments
are needed for critical human operators to monitor model performance,
and iteratively adjust model inputs and outputs, which are currently under-
resourced. Without these investments and/or critical interpretation, model
outputs may steer disease control programs to allocate sparse resources
towards geographic areas and populations where the epidemiological impact
of those investments does not meet expectations, and misses populations
with greater unmet need.

Integration of all research findings

Results from this thesis highlight the importance of accounting for spatial
heterogeneity and spatial patterns in TB data and risk factors when
prioritizing geographic areas for TB case-finding. Digitizing primary ACF data
will improve the efficiency with which it can inform ACF geo-planning, during
which it is crucial to collect the geographic location of the ACF event as an
address or Global Positioning System (GPS) coordinates, and to document
pre-screening processes. Different datasets and risk prediction frameworks
can distinguish between higher and lower TB risk areas, which may or may not
incorporate ACF data. When overlaid with indicators of service accessibility,
and sociodemographic indicators, higher risk areas with low accessibility
can be geographically pinpointed and offered ACF, to balance efficiency and
reach. Finally, it is important to validate machine learning model predictions
for subnational TB risk with externally collected data.

There is substantial evidence of spatial heterogeneity and spatial patterns
in TB burden, and in TB risk factors subnationally. This is demonstrated
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throughout the thesis. Epidemiological studies are increasingly quantifying
the presence of spatial autocorrelation or variation of TB (Chapter 2), and
accessibility to TB service points shows geographic variation (Chapter 4).
Clear spatial patterns were found in ACF B+ TB rates (Chapter 5), as well as
spatial patterns of notification rates (Chapter 6). Finally, spatial autocorrelation
observed in model residuals implies that predictive models cannot fully explain
geographic variation in ACF B+ TB rates and that other (potentially spatial)
processes may still exist (Chapter 7). Therefore it is necessary when modelling
TB burden subnationally, to account for possible spatial autocorrelation in the
outcome variable, predictors, and in modelled residuals. However there appears
to be limited evidence that spatial heterogeneity and patterns are accounted for
when planning and during decision-making around TB (Chapter 2).

Solutions including predictive models and data reduction techniques are
available to identify higher and lower risk TB geographic areas (Chapters 2, 5,
6) and higher and lower TB access areas (Chapters 4, 6). However, up to two
years after development of the MATCH Al model and making this available
to local decision-makers, these risk predictions were not used for TB ACF
location planning (Chapter 5 and 7). Therefore having efficacious tools does
not promise effective implementation, which additionally demands iterative,
critical human supervision and adjustment. Nor were risk predictions or
evidence-based planning used to geographically target high risk areas as
reported in Chapter 6. This thesis shows that simpler models and methods
have the potential to be as useful in differentiating geographic TB risk as
more complex or sophisticated methods (Chapters 5, 6, and 7).

Technological advances including data tools and artificial intelligence
promise substantial improvement in collection, quality, use, and interpretation
of data. But without sufficient investment (time, training, human resources,
finances), they may under-deliver. A significant amount of data management
is required to do any risk prediction/ modelling/ ranking if there are no
pre-existing spatially indexed integrated health databases (Chapters 3, 4,
5, 6, 7). As illustrations of this point, digital tools require significant training
and investment to suit the data collection environment (Chapter 3). For
example, lower pre-existing digital literacy may negatively affect the uptake
of trainings, and tailored protocols may be needed where technology may still
falter, necessitating temporary use of paper data entry. Furthermore satellite/
telecom mobility data are increasingly popular, but need to be carefully
analyzed and interpreted (Chapter 4); and machine learning models offer the
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ability to automate data management and predictions but if left unsupervised
by a human operator or unvalidated, may not add value beyond that of routine
decision-making, nor improve over time as expected (Chapter 7).

Although using TB outcomes from active case-finding events is an imperfect
method of estimating community level prevalence, this thesis indicates that TB
ACF results may be modelled using routinely collected TB data and publicly
available secondary data thought to represent TB risk. Although it would
be ideal to predict prevalence, current TB reporting systems do not allow
this with a useful degree of precision. With continued refinement of models
predicting B+ TB ACF rates, it is hoped that these will improve and estimates
may approach actual prevalence. Internal model validation results (Chapter
5) show that ACF B+ TB positivity and case detection rates themselves can
be explained by models with different frameworks but with similar covariates,
and multiple regression analysis (Chapter 6) shows that there is a strong
association between risk predictions based on the aforementioned covariates,
and ACF B+ TB case detection rates. Both models accounted for space by
including a spatial lag covariate (Chapter 5), and spatial autocorrelation of TB
CNR (Chapter 6). Altogether these results suggest that there is a relationship
between ACF B+ TB positivity or case detection rates and the TB risk factors
included in the predictive models and PCA datasets used in this thesis. This
further justifies the collection of pre-ACF community mobilization/sensitization
efforts to contextualize ACF TB outcomes. Although internal validation of
the negative binomial regression and Bayesian machine learning models
showed similar performance and similarly low to moderate error (Chapter
5; RMSE of 1.02-1.03), the BML model still showed weak performance in an
external validation across nine model updates (Chapter 7). This reinforces the
importance of external validation of TB risk predictions, and exploration of
reasons for under-performance.

In summary, the data used for geographic prioritization of case-finding has
several key constraints - it must be spatial (Chapter 2), it must be feasible
to efficiently digitize and to monitor (Chapter 3), and specific efforts must
be made to confirm that the data represent the information, process or
phenomenon described by data providers (Chapter 4). Chapters 3, 4, and
7 illustrate how there may be gaps between the level of accuracy which
technology offers and what it delivers in the real-world, and chapters 5, 6, and
7 suggest that model performance depends more on the selected covariates
than on sophistication or complexity.
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Discussion and contextualization of findings
into literature

Which spatial patterns matter in geo-prioritization of TB case
finding activities?

Spatial epidemiologists agree that spatial patterns in TB disease exist, and that
these should be accounted for in planning disease control strategies (5). 13% of
all studies included in the final dataset for Chapter 2 focused on TB indicators,
reflecting the importance attributed to spatial patterns by TB researchers,
the majority of which (72%) assessed the presence of spatial autocorrelation.
Only 29% of studies presented spatially explicit recommendations, which may
reflect hesitance to suggest a prioritization of needs by geography (Chapter
2). We recommended that the practice of geo-prioritization should grow,
which is echoed by TB researchers conducting subnational spatial analysis of
TB in Ethiopia and throughout Africa (6). However as pointed out by Shaweno
et al, TB notifications are primarily used to assess spatial autocorrelation in
TB, which do not properly account for under-detection (5).

A review of TB focused studies using the same search string as applied in
Chapter 2 beyond 2021 revealed that the most recent studies appear to study
spatial patterns in TB notifications exclusively (7-20). It may be possible
that the biases present in TB notifications prevent researchers from drawing
conclusions spatial patterns in TB burden for this reason. Recognizing that TB
notifications may not be sufficient to explore spatial patterns in TB burden,
spatial epidemiologists have started to incorporate risk factors hypothesized
to cause exogenous TB clustering in Ethiopia, Kenya and Nepal (6,21-24).
These studies identified factors significantly associated with the presence of
spatial TB patterns or clusters, including mean annual temperature, altitude,
precipitation, night light level, wealth quintiles, TB preventive treatment
coverage and travel time to health facilities (25). In the absence of data which
more closely reflect prevalence survey data, such risk factors are being more
heavily considered to explain geographic variation in TB burden.

Importance of efficient digitization

When data are digitized weeks or months after paper capture, it may not be
feasible to review data quality and to course-correct based on those findings.
In recognition of this, health and population survey data collection globally
have become increasingly digitized. Turkey’s sixth Demographic and Health
Survey (DHS) conducted in 2018 included a comparison of data quality and
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efficiency of data entry between CAPI and PAPI data capture and entry
(26). Similar to our findings, point estimates for essential indicators did not
differ between mode, and efficiency was slightly better (11 minutes faster for
CAPI) than PAPI data entry forms. In rural Indonesia, the Ministry of Health
is training community health workers (CHWSs) to use a digital questionnaire
which screens for cardiovascular health (27). Researchers applied the
Technology Acceptance Model (28) and structural equation modelling to
study how CHWSs’ perceptions of the tool impacted their intended and actual
use of the tool. Results of their study suggested that CHWs who perceived
the tool to be useful exhibited increased intention to use and also actually
used the tool optimally (27). Qualitative interviews from our study (Chapter 2)
showed that pre-existing digital literacy, training and supportive supervision
were perceived to substantially affect the ability and willingness to adopt the
CAPI tool. This finding aligns with those of the Indonesian study, as well as
findings from a systematic review and meta-analysis assessing barriers and
facilitators to adoption of digital technology by healthcare professionals (29).
This review identified the most common factors which act as facilitators or
barriers include infrastructure and technical barriers (relative frequency
occurrence [RFQO] 6.4% [95% CI 2.9- 14.1]), psychological and personal factors
(RFO 5.3% [95%CI: 2.2- 12.7]), and perceptions around increased workload
(RFO 3.9% [95% CI 1.5- 10.1]). The collective evidence suggests that when
sufficient support is present to make the PAPI to CAPI transition, willingness
and performance improves, but ‘sufficient support’ is expensive in terms of
money and time, and must be tailored to the context, most importantly for the
individuals meant to implement the technology (Chapter 3).

What do other studies suggest about the use of telecom data
to study service accessibility?

Our study found that telecom call detail records (CDR) reflect broad population
movement patterns (30), but are not a replacement for exit interviews showing
actual travel distance to TB service points. We also showed that geographic
accessibility declined with increasing distance from service points in both
data sources, which was also a finding from numerous previous studies
(Chapter 4). While these are not entirely novel findings, our findings were
derived from a novel method of directly comparing the same measurement
across distance bands between CDR reflecting potential accessibility, and
in-person interviews reflecting realized accessibility. Our study showed much
greater accessibility based on CDRs compared to in-person interviews.
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Whereas CDR can be pulled from any mobile phone; location based
information (LBI) data from smartphone apps allow more precise location
tracking of individual level movements to study individual as opposed
to aggregate movements (31,32). These GPS data are captured through
informed consent of smartphone apps (33,34). Other studies have highlighted
differences between telecom and modelled data. One study comparing
smartphone LBI data with modelled travel estimates from Google in over
100 countries found that actual travel times captured from LBI data from
smartphone apps exceeded modelled travel times in Google (31). In all but
four countries, actual travel times exceeded modeled travel times by at least
30 minutes, and in 49 countries by at least 60 minutes. Therefore while call
detail records seem to overestimate geographic accessibility, telecom LBI
data may be a more promising proxy for actual travel time.

In a study of factors associated with the frequency of healthcare visits, it was
concluded that real-world factors such as method of transportation used,
availability and density of the public transportation network, and traffic,
need to be accounted for to assess actual (realized) travel patterns (35).
While this study was conducted in Dallas, USA, limiting comparability, similar
research is in early stages, so there are limited opportunities for comparison.
However this agrees with our finding that geographic accessibility varied
geographically, by service density, and urbanicity.

We also had highly contradictory findings compared to most literature, and
within our own study: higher geographic accessibility was measured in more
rural areas compared to urban (Chapter 4), which stands in contrast with most
similar research (36,37). However a two-step floating catchment analysis
(2SFCA) study of geographic accessibility to emergency rooms in South
Korea found similar contradictory results (38). In this study they calculated
‘dynamic population counts’ from mobile phones by counting the number
of mobile phone users in a 50 by 50 meter gridded area, which was then
weighted by the amount of time spent in the gridded cell. The findings of
this study actually help to explain our contradictory findings, which also
relied on population denominators which are much higher in urban areas,
making accessibility according to our equation appear to be very low relative
to rural areas. As such, geographic accessibility was found to be higher in
Balochistan (predominantly rural) compared to Karachi (dense and urban).
Also, a study on hospital bypass behavior showed that low SES patients are
more likely to bypass nearest hospitals in favor of more popularly reviewed
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hospitals located farther away (33). A behavioral phenomenon such as this
may have confounded the patterns of accessibility by urbanicity we observed
in Chapter 4.

There is still much to be explored about what various forms of telecom data
represent and how they should be used. Positive momentum is building
around its use in realized geographic accessibility research, especially
with regard to estimating the number of potential beneficiaries and optimal
geographic placement of services, as Chapter 4 has suggested (39).

Using ACF data to approximate community TB burden

Limited evidence is available on the validity of ACF data for informing on the
absolute or relative differences in subnational TB burden. That is largely driven
by concerns that the quality of ACF case-finding data is insufficient, and that
ACF data collection is not standardized, limiting or precluding the possibility
to utilize results from multiple ACF activities to fill in gaps around any country’s
subnational TB prevalence (40). To derive TB prevalence estimates from ACF,
it is necessary that essential process indicators to calculate B+ TB positivity
or case detection rates are complete: these include the number of people
screened for TB, number of people bacteriologically tested, and number of
people diagnosed with B+ TB. Even in this case, it will still be difficult to use
B+ TB positivity rates to estimate local burden if several additional criteria are
not met, and usually they are not met. First, as our studies show (Chapter 5, 7)
documenting the pre-ACF community mobilization process helps to describe
the population attending the ACF event: if no pre-ACF event mobilization was
conducted, then it may be more likely that the ACF event attendees are at
lower risk for TB compared to attendees who have been informed that they
should only attend if they have recently been experiencing specific symptoms.
Conversely if pre-ACF awareness generation includes the message that TB
can also be asymptomatic, and encourages those without symptoms to attend
the event, this would also affect the risk profile of ACF attendees. Therefore,
not only the presence of pre-ACF mobilization but also its messaging
could help to better interpret the ACF participant risk profile. Without this
information it is not possible to assess the extent to which the ACF results
reflect what could be found in the same or neighboring communities for
future ACF events, because the process of participant recruitment itself was
not documented; therefore, it is not possible to assess how representative
ACF participants are of the surrounding population.
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What does the literature show about evidence driven ACF
location planning?

Subnational modelling or ranking of TB burden or unmet TB care seems
to be feasible using a variety of data sets and different approaches. Yet in
spite of the availability of models, tools and frameworks which have been
created for this purpose, evidence-based planning of ACF appears to be
uncommon. Routine methods of ACF planning seem to rely on a combination
of factoring in relationships with local TB programs and recent notifications,
possibly also re-visiting areas of previous case-finding success. These are
valid and pragmatic factors to consider, and so far there is limited evidence
that other approaches can outperform this approach although few studies
have addressed this (41). It is possible that there are few attempts to plan ACF
based on (more) evidence due to a perception that it will be too challenging
and resource-intensive to carry out. Indeed data management processes are
resource intensive, especially those required to set up the dataset used to
eventually model or rank risk. However fewer investments will need to be
made once the data environment is established and there is a maintenance
plan in place. In Kampala, Uganda, researchers used case notification rates
to predict high-risk TB community transmission areas. Results showed that
42% of all cases found through ACF were found in the five highest of 35 CNR
zones (42). While the authors concluded that TB CNR are an important proxy
for ACF efficiency, this also means that more than half of TB cases were found
in locations excluded from the zones defined as high-risk, suggesting that
additional criteria could be considered to identify high yield ACF locations.

A stepped-wedged cluster randomized trial recently conducted in Pakistan
(“SPOT-TB”) evaluated the predictive model internally validated in Chapters
5 and 7 (41). Such studies will generate useful information about how
and whether to use ACF data going forward to train predictive models of
subnational TB burden. However in general, there is limited evidence about
the validation or evaluation of predictive models for subnational TB burden
or models for spatial targeting of TB interventions (43). In Chapters 5 and 6,
a number of topics were discussed for further comparison and exploration of
the literature: stratification of models by urbanicity, validation of ML models
with non-ML models for epidemiological studies, analysis of residuals over
time and sensitivity analysis of residuals by stratifying by model covariates,
and external validation of risk ranking studies similar to the PCA exercise
conducted in Viet Nam. After reviewing the literature, no external validations of
risk ranking of modeling using or validated with ACF data could be identified,
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nor any subnational TB modelling exercises applying the aforementioned
methods of evaluation. Therefore it is challenging to compare our findings
with similar efforts.

An evaluation of the MATCH Al model in Nigeria showed more promising
results, in which areas screened based on MATCH Al predictions of high-risk
areas achieved at least 1.75 times the positivity rates of areas screened through
conventional methods (44). This raises important questions about whether
the method of model evaluation played a role in differing model appraisals,
as our evaluation in Pakistan showed very different results. Or differences
in the health system context, population, or screening methodology may
have played a role in the true differences in model effectiveness. However, in
both the Nigerian and Pakistani evaluations of the MATCH Al model, neither
pre-screening awareness generation nor screening/diagnostic algorithm
data were collected, precluding speculation on possible reasons for such
different outcomes. To date there are three published studies evaluating
the impact of spatial targeting for TB interventions; however, all have been
conducted in the United States where TB incidence is low (45,46), and did
not validate predictive models, but assessed the impact of spatial targeting
on TB epidemiological outcomes. This highlights the crucial missing step of
determining any predictive model’s accuracy, which was the focus of Chapters
6 and 7. Yet it is promising that more researchers are taking interest in the
concept of spatial targeting because of the necessity to prioritize limited
resources for TB ACF (43,47).

Limitations of data and methods

This section describes limitations in data availability and the methods applied
across the thesis. Beginning with chapter 2, we conducted a systematized as
opposed to a systematic literature review. A systematized literature review
does not meet all requirements of a systematic literature review for one or
more reasons (48). Due to resource availability we conducted our search in
two databases, PubMed and the CABI journal library (1,2). According to the
definition of a systematic literature review, this was the only meaningful
difference, as we applied a systematic search of terms and relied on two
reviewers. However this reduced search scope may have biased our search
yield and likely reduced its sensitivity.
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There were two key limitations in the study presented in chapter 4. The first
was the definition of the catchment population size per TB service point, which
is subject to varying valid interpretations in terms of radius surrounding the
facility, and therefore the population denominator of geographic accessibility
rate. Secondly, the interpretation of the outcome variable is subjective:
we adopted the perspective of viewing it as a reflection of geographic
accessibility of the TB service point, while others may perceive this more
as a reflection of the service point’s utilization rate. Without an accurate
understanding of a facility’s catchment population size, it is difficult to make
an informed decision about a population denominator to calculate its actual
(as opposed to potential) geographic accessibility, and for this reason, we
applied caution in interpreting the results and advised the same for readers.

The precisions of both models compared in chapter 5 showed an error of one
person with B+ TB per 51 persons screened. In rural and somewhat remote
settings of Pakistan, where any given ACF event may only attract 60 to 70
people, this level of uncertainty about detecting one person with TB may
be unacceptable. Much time and substantial financial and human resources
are needed to execute a day of screening and testing for such events. This
means that such a model may be unsuitable for determining where to screen,
in Pakistan or elsewhere where nearly a full day of driving is required for a
round-trip to the ACF site.

In chapter 6, we did not have a sufficient sample size to allow for the multiple
regression analysis to be stratified by province; however, we conducted
and reported results of a leave-one-out sensitivity analysis to partially
address this issue. As the ACF events were only conducted in rural settings,
application of findings should be limited to similar contexts. Also, because TB
risk factors including literacy, socioeconomic status, and geographic access
to TB services vary considerably across rural and urban settings of Viet Nam,
the data set used for this PCA may not be well suited in urban settings.

The data and methods of chapter 7 presented substantial methodological
limitations. Resources did not permit monitoring or adjustment of model
performance during the study period, which could have potentially led
to reduced model error over time. Also, as is inherent to machine-learning
models in general, there was a lack of insight into how the MATCH Al model
outputs would have compared to those of a frequentist model. It would have
been valuable to develop a comparable negative binomial spatial lag model,
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and to assess the presence of spatial autocorrelation in the outcome variable
as presented in chapter 5, in order to compare predictions, spatial patterns
and residual error over time.

In chapters 5 and 7, asymptomatic bacteriologically positive TB may not have
been fully captured in the outcome variable, because Xpert MTB/Rif, which
is insensitive for paucibacillary TB was the standard diagnostic used for ACF
events. Had Xpert Ultra been used as the diagnostic tool, as was the case
in Chapter 6, the risk predictions may have captured populations with more
people earlier in the course of TB disease, although the model was not set up
to parse the populations as such (early versus late in the course of disease).
This is useful for disrupting transmission among people with asymptomatic
bacteriologically positive TB, and particularly useful for planning ACF, which
aims to link people to treatment earlier than they otherwise might experience.

Recommendations for geographical
prioritization of TB case-finding in practice and
policy

Collect data on essential elements

Where relevant risk factors are digitally available at the desired geographic
scale, TB risk or burden can be modelled independently of ACF data.
However if ACF data will be prospectively collected and used for geographic
prioritization, it would be worthwhile to consider four points. These are to
document the pre-screening process, to collect geographic information of
the ACF event or ACF attendees, to document the screening and diagnostic
algorithm actually applied, and to digitize data entry as close to real-time
as possible. Without location information about the ACF event itself, it is
impossible to link ACF results with geographic features, which prohibits spatial
analysis to detect spatial heterogeneity or patterns in ACF results. While
many ACF implementers have collected basic geographic information such
as district or sub-district, documenting village, township, GPS coordinates,
or an intersection or landmark of an event improves the spatial resolution of
any modelling efforts. Furthermore, without information on the implemented
(as opposed to planned or policy) screening and diagnostic algorithm applied
on the specific ACF event day, it will remain unclear how to statistically
account for unexpected changes to the algorithm’s sensitivity and specificity.
In summary, location and algorithm information are needed to quantify the
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degree to which the processes of implementing the ACF event may bias B+
TB results away from the true community burden.

Beyond ACF data, there is a wide range of data sources which could be
considered for geo-prioritization of TB case-finding, because of their
reflections of health system supply and demand and/or utilization from
the surrounding population. These might include routine surveillance (e.g.
notifications and lab data), other programmatic data (treatment outcomes,
screening registers, community outreach activities), or health survey data
including sociodemographic information or health care-seeking behaviors.
Ideally these would also be spatially indexed to identify spatial patterns in
disease trends and available resources. Using a conceptual framework to
inventory appropriate and feasible data sources is recommended.

Begin with the end in mind when deciding what to model

Modelling approaches, varying from very simple to highly complex models,
can be used to inform planning and can be done so while maintaining
pragmatism. What can be modelled or ranked depends on whether the aim is
to describe or infer, what should be done with the outputs, and the data and
the resources available (human resources, costs, skills, time, tools). It should
also be driven by the programmatic question(s) that program planners aim to
address.

For example it is necessary to differentiate whether the aim is to model or
rank subnational TB burden or TB under-detection, which reflects reflecting
unmet need for TB screening and diagnostic services. In the latter case
modelling TB burden is required first and notifications are needed at the
same geographic unit of prediction. Is the aim of the modelling or ranking
to identify areas where screening efficiency can be maximized because
undetected burden is high, areas which are most under-served, or the overlap
of both? Under-served areas may be geographically remote and therefore
expensive to reach, and/or lead to a low yield of TB if undetected TB isn’t very
high. ACF is intended to reach under-served areas, but where a lower yield is
expected, different interventions may be considered. If the aim is to identify
both high efficiency and largely under-served areas, predictions of risk, and
(geographic) accessibility must be considered together, such as models
presented in chapters 5- 7. Additionally the setting must be considered: is the
aim to model or rank burden in communities, in health facilities, in institutions,
or all of the above?
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The TB indicator to be modelled must be specified as either e.g. (ACF) B+
TB positivity rates or all forms of TB. Because of the vast amount of ongoing
ACF data collection, there is much opportunity to model these data; however,
this is a different exercise to modelling subnational burden, as these data
capture only a subset of the general population appearing at the ACF event. It
is also challenging due to the difficulties involved in estimating the catchment
population size represented by those attending chest camps, and in capturing
the extent to which the attendees represent the catchment population. The
Global Task Force for TB Impact Measurement has considered ACF data to
currently be insufficient for estimating TB prevalence, although suggestions
have been made to make these data more suitable for this purpose, including
those mentioned above (40).

How will the modelled outputs be used, and for whom are
they intended?

Modelling is relevant not only to geo-prioritize community-based ACF but
also facility interventions or other routine programmatic activities which aim
to identify people who are delayed in accessing TB care. Specifically these
may include facility-based intensified case-finding, geographic establishment
or expansion of community outreach efforts such as CHWSs, lab or pharmacy
interventions, or adjustment to sputum transport networks. It is probable
that adjusting some of these activities would lead to greater TB case finding
efficiency than ACF.

Models should be developed in consideration of program planners who wish
to use model outputs for decision-making. A pragmatic approach should be
considered in packaging model outputs: how will these be most practical and
digestible for end-users who need to make concrete decisions about where
to place ACF events, new diagnostic equipment and tests, including for TB
infection, sputum transportation networks, new health facilities, or supportive
supervision? Furthermore the following questions need to be considered:

- What capacity is available to use TB modelling tools?

- Which resources are available to use TB modelling tools and to
geographically prioritize TB case-finding based on the results of any
modelling or risk ranking?

- Is the plan for any modelling to be reproducible or will this be a one-off
exercise?

- Is the plan for any modelling to be integrated into routine monitoring and
evaluation or surveillance?
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Investments to consider for long-term planning

Because of significant investments required in data management to do any
risk modelling, it is wise to invest in DHIS2 or similar health information system
infrastructure, which facilitates easy linkage with socioeconomic indicators
and other (health) databases (49). Finally a global ACF repository may aid TB
ACF and other health planners in selecting geographic locations for TB ACF
activities.

Research recommendations drawn from this
thesis

The results of these studies begin to address knowledge gaps around data
readiness for modelling local proxies of TB burden and accessibility of TB
services. However not all research aims could be fully addressed, and these
results also raised new questions around how to model TB ACF outcomes,
and how to understand and improve upon the performance of these models.
This section addresses several new or remaining knowledge gaps from this
thesis.

It would be valuable to explore the extent to which collection of ACF event
metadata including pre-screening community mobilization processes, and
the applied ACF event algorithm improve the performance of predictive
models of TB risk in ACF settings. In chapters 5 and 7, the modelled ACF
B+ TB positivity rates are a combination of underlying true prevalence and
implementation factors. As implementation factors, such as application of
the screening and diagnostic algorithm or pre-screening, have been omitted
from these studies, it would be important to assess whether model residuals
reduce if these variables are included as regressors (and across predictors
as assessed in Chapter 7), if there are changes in other predictor coefficients
and predictions themselves.

In the absence of site-specific exit interviews capturing individual level
care-seeking actual travel distance, it would be worthwhile to explore the
added value of both CDR and LBI telecom mobility data for subnational
modelling of TB risk. We hypothesized that CDR telecom data reflect
population movement which reflect the relative travel behavior of individuals
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by distance band. Therefore CDR and LBl data may serve as variations of
proxies for geographic access to cities, which in turn affects TB care-seeking
behavior (6). Additionally it may be explored whether the broad patterns of
population accessibility reflected by telecom data can support geographic
allocation of resources such as health facilities and human resources.

We recommend prospective evaluation of the use of subnational TB risk
estimates to geographically prioritize ACF activities, similar to the SPOT-TB
trial (41). This will help to assess whether such exercises are useful at all for
geo-prioritization, and whether they can be iteratively fine-tuned to improve
risk predictions as well as operationalizing use of the risk predictions.
Implementers of the SPOT-TB trial have cited major difficulties in physically
accessing locations recommended by the MATCH Al model, and such issues
should not prevent ACF teams from conducting activities in the best way to
deliver services where they are needed. Therefore, research should address
questions including what are some pragmatic approaches to iteratively use
ACF data to model TB risk subnationally, to use TB risk estimates to steer ACF
locations, and to update risk estimates based on observed ACF data?

Given the significant positive spatial autocorrelation of residuals in chapter
7, it might be worth exploring any commonalities between the locations with
the clustered high residuals. Are there location specific social, demographic,
TB specific, or ACF implementation factors which might help to explain these
high residuals? How can findings support model training and calibration?
More generally, how can performance of the machine-learning model
studied in chapters 5 and 7 be improved? To what extent can ACF data be
used to reflect subnational variations in TB burden, or geographic access
to TB services? For example it may be interesting to replicate this modelling
exercise in a country which is planning a prevalence survey, and to compare
ACF results with co-located prevalence cluster-level data. What are the
current opportunities and challenges in using ACF data for these purposes?
These questions cover many potential specific research questions which
would explore misspecifications of the current MATCH Al model. Researchers
may consider comparing the MATCH Al model with other machine-learning
and non-machine learning models, while accounting for spatial dependencies
(50). It would also be valuable to assess whether model performance improves
if separate urban and rural models are developed.
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Conclusion

The key message of this thesis is that data and methods are available to
prioritize geographic areas which stand the most to gain from ACF, which
are pragmatic and accessible. Modeling or ranking TB burden or unmet TB
subnationally can be done using different data sets and different approaches
based on data availability and a range of statistical skill sets. Primary data
collection is not necessary, but it is useful if there is a need to capture
information about community access to care. Sophisticated tools are not
a prerequisite to geographically prioritize case-finding activities, but it is
recommended to apply a conceptual framework to identify locally relevant
data sources capturing processes shown in Figure 4, which has been updated
to incorporate key messages of this thesis.

It is important for planners to carefully consider what can be modelled,
and whether modeled outputs capture what was intended, and if there are
deviations, how it can still be useful. When screening efficiency and expanding
geographic reach are both priorities, risk predictions or rankings as well as
accessibility indicators should be considered together. ACF outcomes reflect
underlying prevalence and implementation factors. Therefore, it is important
to collect information such as the pre-screening mobilization activities and
diagnostic algorithm to include in any models. However if modelling is not an
option and/or TB ACF outcomes are not available, then PCA can also serve as
a useful method to index TB risk, and can be used as a basis for comparison
and updates when collecting primary ACF data in the future.

Regardless of the chosen method of subnational TB risk prediction or
ranking, doing so presents an interesting opportunity from the perspective
of TB monitoring, evaluation and learning (MEL). Having a baseline of
subnational risk predictions would enable planners to refer to retrospectively,
and to continuously update as additional data become available. It provides
an opportunity to update our beliefs about TB risk and /or the ability to
find people with TB where TB risk is estimated to be high or low. Further
exploration into gaps between predicted and observed outcomes may help
to challenge assumptions about risk and improve understanding about where
people with undetected or untreated TB are concentrated, and how to link
them to care most efficiently.
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