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Data Driven Contagion Risk Management in Low-
Income Countries using Machine Learning
Applications with COVID-19 in South Asia

Abstract

In the absence of real-time surveillance data, it is difficult to derive an early warning system
and potential outbreak locations with the existing epidemiological models, especially in
resource-constrained countries. We proposed a Contagion Risk Index (CR-Index) — based on
publicly available national statistics — founded on communicable disease spreadability vectors.
Utilizing the daily COVID-19 data (positive cases and deaths) from 2020-2022, we developed
country-specific and sub-national CR-Index for South Asia (India, Pakistan, and Bangladesh)
and identified potential infection hotspots — aiding policymakers with efficient mitigation
planning. Across the study period, the week-by-week and fixed-effects regression estimates
demonstrate a strong correlation between the proposed CR-Index and sub-national (district-
level) COVID-19 statistics. We validated the CR-Index using machine learning methods by
evaluating the out-of-sample predictive performance. Machine learning driven validation
showed that the CR-Index can correctly predict districts with high incidents of COVID-19
cases and deaths more than 85% of the time. This proposed CR-Index is a simple, replicable,
and easily interpretable tool that can help low-income countries prioritize resource mobilization
to contain the disease spread and associated crisis management with global relevance and
applicability. This index can also help to contain future pandemics (and epidemics) and manage
their far-reaching adverse consequences.

Word count: 4,230 (excluding abstract, references, tables, and figures).

Figures and Tables: 2 main figures, 3 main tables, 22 supplementary tables and 7
supplementary figures.



1. Introduction

Coronavirus Disease 2019 (COVID-19), a highly contagious respiratory borne infection, and
its variants are still spreading rapidly and have caused more than 6.4 million global deaths.
Although scientists have developed pharmaceutical treatments (medicine, therapeutics) and
vaccines, it is still uncertain how effective these pharmaceutical measures are against the future
variants of COVID-19, as evident from the recent astounding surge in global caseloads with
the latest variant of concern—Omicron. The series of COVID-19 waves in the last two years
have generated tremendous stress on the health care systems, prompting public health
professionals to recommend universal vaccination and boosting.

This situation is more acute in Low and Middle-Income Countries (LMICs), where a
major share of the unvaccinated population resides (about 19.87% of the low-income country
population received only one dose of vaccine compared to the global full vaccination rate of
62%) [1]. In the face of widespread poverty, deficient safety-net measures, high self-
employment, and a sizable informal economy, LMICs remained vulnerable imposing mobility
restrictions that showed adverse consequences — leading to unemployment, poverty, and
starvation [2]. Moreover, limited data capacity, insufficient health infrastructure, resource
limitations, and inadequate COVID-19 testing ability made it further difficult for the LMIC
governments to mitigate and manage the COVID-19 spread (for example, facilitating
widespread testing and vaccinations), which demonstrate that conventional crisis management
policies by LMICs are not equipped to tackle a pandemic of such scale.

Efforts to contain future pandemics (and epidemics) and manage their far-reaching
adverse consequences require smart crisis management — employing early warning systems,
efficient planning, and targeted interventions. To this end, we proposed a data-driven strategy
to prioritize the allocation of limited resources of LMICs for gaining efficiency in managing

current COVID-19 response by 1) deriving a composite index of contagion risk (CR) index,



grounded on infectious disease spreadability vectors of COVID-19 suggested by
epidemiologists and public health experts; 2) validating the proposed CR-Index with publicly
available sub-national (district) level COVID-19 data for South Asia (Bangladesh, India, and
Pakistan), employing regression and machine learning (ML) methods; and 3) identifying high
and low-risk zones to prioritize resource mobilization (such as vaccination roll-out) to contain
the disease spread and associated crisis management, with global relevance and applicability.
There have been limited country-specific studies generating composite indices to rank
areas in terms of health vulnerabilities, but none focused on a contagion risk-based index,
especially for a large region containing multiple low-income countries, such as South Asia,
home to one-fifth of global population. In disaster management, risk is defined as the ability of
the population to absorb and ultimately recover from the effects of being exposed to a
hazardous event, given the level of vulnerability of the population and the resources they have
to mitigate its effects. Therefore, our first main contribution is proposing a contagion risk index
to aid policymakers in low-income countries to prioritize resource allocation, and devise
effective mitigation and reconstruction strategies for affected populations. Our second
contribution relates to examining the predictive accuracy and generalization capability of our
proposed risk index, CR-Index, using tools of machine learning and cross-validation based on
time-series data. Thus, our study relates to a small but burgeoning literature that uses machine

learning and artificial intelligence to predict COVID-19 outbreak [3-6].

2. Methods
2.1 Data
The data employed in this study are collected from institutions and national statistics
departments of respective countries. For Pakistan, we only use Sindh province in our

estimations, due to the lack of district-level daily COVID-19 data. Similarly, for Bangladesh,



we could not use COVID-19 mortality estimates. For each of the countries, we use different
time-spans due to data availability issues. For Bangladesh, we use data from April 13, 2020, to
February 28, 2022, for India, from January 30, 2020, to October 31, 2021, and for Pakistan
(Sindh) from September 12, 2020, to November 22, 2021. Detailed data sources are provided
in Table 1. Further details on the data collection approach and summary statistics are available

in the supplementary file.

2.2 Domain and Variable Choice for CR-Index

To derive the sub-national CR-Index, we broadly defined the following four domains founded
on infectious disease spreadability vectors: urbanization, informality, migration, and health
infrastructure.

Under the urbanization domain, we use district-wise percentage of the urban population
variable for all the three countries [7-12]. This degree of urbanization variable (share of the
urban population) captures a particular district's overall economic-demographic condition,
demonstrating more vibrant economic interactions in the region. It also suggests a higher level
of industrialization, trade, and travel connectivity resulting in a higher probability of social
interactions and a greater possibility of spreading the virus.

The informal employment or “informality” at the sub-national level also plays a role in
COVID-19 transmission, especially in LMICs. Informal employment does not follow
conventional labor rights and policy. Moreover, employees hired informally are low-income
daily wage earners who do not have job security, do not get paid or seek leaves, and often do
not have the luxury to work from home, resulting in more exposure to contagion spread.
Developing countries, such as Bangladesh, India, and Pakistan have a considerably large
informal sector (both in rural and urban areas), hired in construction, transportation,

manufacturing, and service sectors, where the continuous search for new income opportunities



is a harsh reality. Approximately 71% of the sectoral composition of employment in developing
countries are self-employed compared to 13% in developed countries [13, 14]. We obtained
data on informal employment share for Bangladesh and Pakistan (Sindh), but such data with
high accuracy was not available for India, where we used the share of non-farm employment
in India, which is a reasonable proxy for informal employment [15-17].

Developing countries are also known to have a large share of the mobile population —
classified as domestic and international migrants. For example, Bangladesh is the sixth leading
country of origin for international migrants [ 18]. Due to the COVID-19 pandemic and resulting
global economic shutdown, a large percentage of international migrants went back to their
home countries — carrying the disease with them and contributing to the virus spread. Similarly,
domestic migrants face similar consequences and lost urban sources of income due to the
lockdown that forced them to go back to their villages of origin. Both these channels of reverse
migration also contributed to virus transmission, as documented in recent studies [19, 20]. To
capture this important vector of virus diffusion, we include district level international and
domestic migrants as a variable in the CR-Index construction [19-21]. For Bangladesh and
India, we obtained data on the share of migrants in the district that includes both domestic and
international migrants. For Pakistan, only the data on domestic migration at the district level
was available.

Finally, sub-national health infrastructure, measured as the number of beds and health
facilities per million of population, have been utilized as candidate variables representing the
health infrastructure domain [22-24]. For Bangladesh and India, we used hospital beds per
million in a district. For Pakistan, we took health facilities per million as data were more
reliable for health facilities than the total number of beds.

We tried to be consistent about the choice of variables for the four domains across the

three countries. However, due to administrative and institutional differences (along with data



availability), a few variables are not the same. Sources for data for each of the domain specific
variables for each of the countries are provided in Table 1.

The CR-Index variable is a composite of these four domains, whereby greater its value,
greater the risk a district faces in terms of spread of COVID-19 infections to its population.
Further details on the data used for the CR-Index, its construction, rationale, and descriptive

statistics are given in subsections A1, A2, and A3 in the supplementary file.

Table 1: Data Sources

Variables Source of Data

Bangladesh

Population Density Bangladesh Population Census 2011, Bangladesh Bureau of Statistics

Quarterly Labor Force Survey 2016-17, Bangladesh Bureau of

Informal employment Statistics

International migration Household Income and Expenditure Survey 2016-17, Bangladesh
Bureau of Statistics

Internal migration

Beds Per Million Population Directorate General of Health Services, Ministry of Health,

Bangladesh
COVID-19 cases Institute of Epidemiology, Disease Control and Research, Bangladesh
India
Number of Beds
Urban population
In-migrati
fristation Development Data Lab

Non-farm Employment
COVID-19 Cases
COVID-19 Deaths

Pakistan (Sindh)

Intra Migration Pakistan Social and Living Standard Measurement 2019-2020
Urban population Population Census 2017, Pakistan Bureau of Statistics

Health Facilities Pakistan Demographic and Health Survey

Informal Employment Labor Force Statistics 2017-18

COVID-19 cases

COVID-19 Deaths Health Department, Government of Sindh




2.3 CR-Index Construction
Using each of the domain specific variables, we first created sub-indices j {j =1, 2, 3, 4} using
the following formula for each district d in country ¢ {¢ = Bangladesh, India, Pakistan,:

(Xc,d,j_min(xc,d,j) )
(max(X¢qj) —min(Xcaj))

Sublndex.q ; =

(1)

X¢a,j 18 the sub-national domain specific value, while min(XC,d, j) and max(XC,d, ]-) are the
country-domain specific minimum and maximum values of the variable at the district (sub-
national) level. After generating sub-indices for each domain-district-country, we use simple
arithmetic mean to generate the composite CR-Index for each district in each country,
following the human development index (HDI) construction method of the UNDP for wide
acceptability [25]. Formally,

j=1SubIndex,,q,;

CRIndex, 4 = (2

n

Here n is the number of domains. We used arithmetic mean, given some sub-indexes generated
zero value (for example, some districts did not have any reported international migration,
resulting in a score of zero for that sub-index). The process of CR-Index construction
normalizes the variables based on the minimum and maximum variation of each variable across

sub-nations for each country.



2.4 Measures for CR-Index validation

2.4.1 Correlation Test

We run an Ordinary Least Squares (OLS) regressions to examine whether the statistical validity
of the correlation between the CR-Index and COVID-19 epidemiologic data remains consistent
across the time-horizon after controlling for district-specific variables. We run the following

regressions:

IHST [yc,d,t] =a+f-CRIndex.q+y -Z.g+€car 3)

Here, ¢ represents a specific time horizon (week) where t = 1,2, ...,n and IHST[y, 4] is the
Inverse Hyperbolic Sine Transformation (IHST) of the reported COVID-19 epidemiologic data
(positive cases or death) for each district. IHST is appropriate when a variable contains a
significant number of 0’s. The equation for IHST for a variable y is, log(y: + (v + 1)*°) where,

yi > 0.The THS ensures that zero COVID-19 cases or deaths are not dropped during the process

of normalization. Z_ 4 is the district-specific control, which is the district level population. €. 4

is a time and district specific unobservable term.

2.4.2 Regression Test

Utilizing the time-series pattern of the daily data, we estimate regressions in equations (4) and
(6), where daily reported COVID-19 cases and deaths are regressed against the CR-Index using
OLS. In equations (5) and (7), the daily reported COVID-19 cases and deaths are regressed
against the CR-Index, with day fixed effects (FE) and district controls. Under this setting,
equations (5) and (7) are the most conservative specifications, taking care of the time dimension

and regional control, while equations (4) and (6) control for the time trend, y(t).



IHST(Casesq;) =a+ B - CRIndex.q+y -t +€cqs )

IHST (Casesc‘d,t) =a+ f-CRIndex.q + vy - Day, + {2 - Population,q + €.q: (5)

IHST(DeathSC,d,t) =a+f-CRIndex,q +y-t+e€cq: (6)

IHST(Deathsc,d,t) =a+ fCRIndex.q +y - Day, + - Population, g + €.4 (7)

In equations (4) and (6), the time trend, y(t), controls for the rise of district specific COVID-
19 cases throughout the study period. The parameter y in equations (5) and (7) is the time FE,
which controls for any time related variation across days within the study period for all the

districts. €. 4+, 1s the time and district specific unobservable term.

2.4.3 Risk Zoning and Predictive Accuracy using Machine Learning

To cross-validate the predictive accuracy of the CR-Index for any future event, we use the
Random Forests (RF) process in machine learning [26, 27]. RF belongs to a class of supervised
algorithms and has been used widely in public health and epidemiology [28, 29]. In contrast to
non-parametric approaches, RF allows for flexible functional forms leading to better
predictions and has been proven to effectively manage the bias-variance trade-off [27].

Based on CR-Index score, we classified districts into three risk zones: ‘Red’ if the
percentage of COVID-19 cases (or deaths) exceeds the 90th percentile relative to all other
districts for a given country; ‘Orange’ if the percentage of cases/deaths is between 90" and 25™

percentiles; and ‘Green’ if below the 25" percentile. Using the RF algorithm, the multiclass

10



classification response is modeled as a function of CR-Index, where, for a given country, the
predicted risk zone of each district is compared with their actual risk in the test data. We use
the early/late split method [30], where the early data is utilized to train, and the later data is
used as a test [31]. The results of the random forests and predictive accuracy are determined
by two key parameters also known as tuning parameters: the number of trees to grow and the
number of random features for the splitting process [32]. The number of trees is set to 500, and
the number of random features is one, since our primary variable of interest is the CR-Index.
Smaller the number of features, greater the parsimony of the model, therefore, greater the
predictive accuracy [27, 32]. Moreover, to reduce the bias and variance of the estimations, we
fit RF using 5-fold cross validation repeated for 50 times [32].

Finally, the classification prediction of the CR-Index is assessed by the AUC (Area
Under the Curve) and ROC (Receiver Operating Characteristics) curves. ROC is a probability
curve, whereas AUC measures the degree of separability [33]. The ROC curve plots the true
positive rate (TPR) against the false positive rate (FPR). TPR, also known as “Sensitivity”, is
the ratio of districts that are correctly categorized as high-risk (true positive) to the total number
of positives. Whereas FPR, is “1 — Specificity)”, where “Specificity” is the true negative rate,
and it is the ratio of the number of low-risk districts incorrectly categorized as high-risk to the
total number of actual negatives. In general, an AUC value between 0.70-0.80 is considered
acceptable; 0.80-0.90 is considered excellent, and more than 0.90 is considered outstanding
[33]. The values of AUC-ROC are obtained using the ““'mLeval’’ and “pROC" packages of

statistical software “R” [34-35].
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3. Results

3.1 Correlation Estimates

Based on Equation (3), Panel A of Figure 1, produced the weekly regression estimates for the
CR-Index for district-wise COVID-19 cases for Bangladesh, India, and Pakistan (Sindh).
During the initial stages of the pandemic, few of the estimates came out statistically
insignificant due to insufficient data-points across all the districts. However, after COVID-19
cases were reported from almost all the districts, estimates remained robust and statistically
significant. Panel B presents the weekly regression estimates using COVID-19 deaths. Both
the figures show that CR-Index is statistically significant and maintains a close range of
coefficient values within the period of our analysis.

Figure 1: Weekly OLS Regression Estimates
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3.2 Panel regression estimations

Columns (1) and (3) in Table 2 report the regression results based on equations (4) and
(6) for COVID-19 cases using OLS and time FE. Whereas columns (2) and (4) report the
regression results based on equations (5) and (6) for COVID-19 deaths. In summary, the OLS
and FE regression results show that the CR-Index is positive and significantly associated with
COVID-19 spread and mortality, demonstrating strong predictive power of the CR-Index. In
Column (2), 1 percent increase in the value of CR-Index is associated with an approximate 1.88
percent increase in the number of positive COVID-19 cases for Bangladesh, 5.39 percent for
India, and 4.6 percent for Pakistan (Sindh), after controlling for time fixed effect and district
specific control. In Column (4), a 1 percent increase in CR-Index is associated with an
approximate 1.65 and 1.06 percent increase in COVID-19 deaths for India and Pakistan
(Sindh). Columns (2) and (4) offer the most conservative specification, and with regular
assumptions on FE identification. The p-values for these coefficients are close to zero, showing

a strong predictive power of the CR-Index in case of COVID-19 related deaths as well.
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Table 2: OLS and FE regression models

(1) ) (3) 4)
OLS FE OLS FE
CR Index Bangladesh 5.552%%* 1.884%**
(0.067) (0.053)
Observations 36,577 36,577
R-squared 0.50 0.67
CR-Index India 7.576%** 5.389%** 2.447%** 1.651%%*
(0.029) (0.029) (0.015) (0.014)
Observations 375,298 375,298 375,381 375,381
R-squared 0.48 0.54 0.27 0.33
CR Index Pakistan (Sindh) 4.802%** 4.604%** 1.450%** 1.058***
(0.065) (0 .086) (0.036) (0.029)
Observations 10,314 10,314 10,314 10,314
R-squared 0.46 0.45 0.32 0.33
EE:;? (IB);;(;) No Yes No Yes
Time Trend Yes No Yes No
District
Specific No Yes No Yes
Control

3.3 Contagion Zoning

15

Note: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1

Using the score of the CR-Index, we divided districts for each of the countries into three zones
(Red/Orange/Green) based on the CR-Index distribution described before. In Figure 2, Panel
A, sub-panels (A1), (B1), and (C1) show these three zones' spatial distribution for each of the
countries. Sub-panels (A2), (B2), and (C2) superimpose the latest available aggregated district-
wise COVID-19 positive cases. The map shows that the proposed index and zoning
classification can identify vulnerable districts/regions robustly. Sub-panels (A3), (B3) and (C3)

show the CR-Index histogram and kernel-density plot of the distribution. Panel B of Figure 2



superimposes the aggregate COVID-19 deaths for India and Pakistan (Sindh) on their
respective maps and shows that the CR-Index is robustly identifying vulnerable regions with
high COVID-19 death rates. All the maps in Figure 2 were generated using the statistical
software, STATA BE 17 (https://www.stata.com/). Section C (supplementary file) reports the
basic summary statistics, and the distribution of district-specific CR-Index scores COVID-19

cases and deaths (as a % of total reported cases for the latest available date) based on these

proposed zones.

Figure 2: Contagion-Risk Zoning Maps
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3.4 Machine Learning Results

Table 3 reports the AUC values from the machine learning exercise for the three South Asian
countries. Columns (1)-(5) of Table 3 report estimates using the entire 2020 as the training
data and 2021 as the testing data — using the early-late split method of cross validation — our
preferred model for the validation exercise. Using the same training data we also predicted the
month-by-month results, where each month in 2021 was used as the test, and reported the
average of these in columns (6)-(10). Time series plots of COVID-19 cases and deaths for the
three South Asian countries are provided in Section B of the supplementary file. The complete

month-by-month results are given in Section D in the supplementary file.
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From columns (1)-(5) in Table 3, the mean values of AUCs range from 0.84 to 0.97,
therefore, suggesting excellent to outstanding out-of-sample predictive accuracy for the CR-
Index. This implies that for a given random data, the CR-Index can distinguish districts with
high-risk COVID-19 cases/deaths for more than 91% of the time, on average. These findings
are further supported by results in columns (6)-(10) of Table 3 using month-by-month out-of-
sample prediction tests, where the average value of AUC is about 0.80. In addition to AUC-
ROC, Table 3 also reports the values of other commonly used metrics for predictive

performance, namely, sensitivity, specificity, and balanced accuracy.

To check the robustness of the multiclass classification based estimates, we additionally
conduct binary risk-zoning classification (high-risk vs. low-risk districts using 75" percentile
cut-off) and district-monthly data. These estimates are strongly similar with Table 3 estimates
and are reported in the supplementary file (section D2 and D3). The ROC curves

corresponding to binary classification are also reported in Figure D1 (supplementary file).

Table 3: Predictive Performance of the CR Index using 2021 as test data and 2020 as
training data (District wise)

Test data: Year 2021 Test data: Each Available Months in 2021 (mean)
(Training data: 2020) (Training data: 2020)
India Pakistan (Sindh) Bangladesh India Pakistan Bangladesh
(Sindh)
Cases Death Cases Death Cases Cases Death Cases Death Cases
@) (2) 3) “4) (%) (6) () (8) ®) (10)
AUC-ROC 090 0.84 0.97 0.96 0.86 0.73 0.77 0.87 0.84 0.76
Specificity  0.89 0.89 0.85 0.91 0.83 0.75 0.86 0.78 0.83 0.77
Sensitivity ~ 0.83 0.83 0.83 0.90 0.74 0.61 0.56 0.69 0.70 0.62
Balanced 4 06 086 084 091 0.78 0.68 071 073 0.77 0.69
Accuracy

Note: The table provides the predictive accuracy results using multiclass classification. Districts belong to the red zone if covid-19
cases are greater than or equal to the 90th percentile; orange zone if cases fall within the 90th and 25th percentile; and green zone
if below the 25" percentile. Column (1) -(5) use the entire 2020 as the training data and 2021 as the testing data using the early-late
split method of cross validation. Column (6) -(10) report the means computed using the 12-months average across all the available
months in 2021 used separately as testing data and 2020 as the training data.
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4. Discussion

Data-driven mitigation planning, and management are crucial for resource-constrained
countries — ensuring the best use of their limited resources. In the absence of adequate, regular
and reliable epidemiologic data, it is difficult for the policy makers from low-income countries
to derive advance planning and timely response to contain and manage the spread of an
epidemic or pandemic; and formulate a targeted resource distribution plan for mass testing,
therapeutics and vaccination.

To this end, this paper created a sub-national level contagion-risk index in South Asia,
developed using four important socio-economic and health domains (urbanization, informality,
migration and health infrastructure) on disease spreadability vectors. The dataset employed for
CR-Index utilized readily available statistics at the sub-national level, which has wide
applicability for global adoption, particularly for LMICs. Our proposed CR-Index shows strong
statistical properties in explaining the variabilities of COVID-19 cases and deaths for all the
three countries, across different timeframes. We have provided a simple flowchart, Figure
AS.1, Section AS, in the supplementary file to explain the step-by-step process to develop the
CR-Index for any LMICs where such data are available.

Built on the CR-Index, we propose zone-specific contagion management measures as
a potential solution for precautionary advance planning and to prioritize the efficient allocation
of limited resources. Classifying districts into high, moderate and low-risk, based on the 75%
and 25" percentile distribution thresholds, we validate the CR-Index accuracy using machine
learning based on test/train cycle method [26]. As suggested in the existing literature to use a
nonlinear curve fitting strategy [36], we utilize random forest as our machine learning
algorithm, which allows us to explore non-linearities in our proposed CR-Index variable. We

applied 2020 COVID-19 data to train the CR-Index, and then examine its out-of-sample
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predictive performance using the data in 2021 — the test sample. The resultant values of AUC-
ROC in our preferred model are generally well-above 0.80 and statistically significant at a 5%
significance-level, thus, suggesting superior predictive performance of the CR-Index. The
predictive performance of the index is more accurate during periods of exceptionally high
COVID-19 cases and deaths. For example, the values of AUC-ROC using the data for COVID-
19 cases in India for the months of April and May 2021 (when delta was the dominant variant
in India) as test samples are the highest amongst all the months in 2021 (supplementary Table
D1.1).

The findings of this study relate to recent studies that have computed composite indices
to rank districts in terms of COVID-19 vulnerabilities using various information on socio-
economic, demographic, and infrastructure characteristics [7,10,11,37-39]. However, our
study differs from those studies in some important ways. First, instead of creating COVID-19
vulnerability indices, our study focuses on computing contagion risk indexes at sub-national
level. Second, while these studies focus on a single country, for example, India [3], our study,
in contrast, computes contagion risk indices for a region, using data from major three countries
in South Asia with a combined population of more than 1.5 billion (about one-fifth of global
population). Third, there exists paucity of studies that examine the validity of the relevant
vulnerability indices for COVID-19 at sub-national level. Our study aims to fill this void by
using machine learning where the performance of the contagion risk index is validated using
various hold-out data.

Despite the strong empirical and predictive support of the CR-Index, there are some
important limitations. First, it would have been ideal to construct a measure of the index at a
lower administrative level, such as at the level of a sub-district. Second, our measure of CR-
Index is static, and the data utilized to construct the index is not the most recent, therefore, it

may not accurately capture riskiness in districts in which rapid changes have transpired lately.
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Future research can employ more recent and real-time data that are collected from disparate
sources, such as, phone-tracking data to capture mobility and migration. Third, the rationale
for choosing variables under each domain is country-specific, and this choice could be
arbitrary. However, the focus should not be on selecting variables but on the domains, which
are known to affect the contagion spread during this pandemic. Fourth, we have constructed
the CR-Index using variables for each country and normalized the variables based on the
minimum and maximum variation of each variable across districts. However, relative values
of the variables can also be utilized to develop the index. Fifth, our index assigns equal weights
to each variable and sub-domain. The domains may not be equally important; thus, different
weights could be assigned to the variables. Alternatives, such as, factor weights are, however,
problematic as they are sensitive to data and lack interpretability. Sixth, due to inaccuracy and
non-availability of data on COVID-19 induced deaths at the district-level of Bangladesh, we
could not use it for the CR index construction for Bangladesh. Finally, our proposed CR-Index
is simple and additive, and, therefore, unable to account for the multiplicative and non-linear
nature of the variables and sub-domains. This requires the use of methodological advancements
using non-linear/non-parametric methods that can create a more robust measure of the
contagion risk index.

Despite reduction in COVID-19 case trends and ever-increasing vaccination rate,
epidemiologists and virologists expressed vigilance and have not completely ruled out future
variants that can evade vaccine immunity [40]. The proposed contagion risk index aims to help
policymakers in LMICs to effectively prioritize resource allocation and adopt risk mitigation
strategies for better responses to future COVID-19 waves and pandemics. The analysis in this
paper offers initial guidelines for developing a comprehensive contagion risk index, which can

be modified further with additional data and methodological enhancements.
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5. Conclusion

In conclusion, in the absence of real time surveillance data, our study proposes a system
for early warning and potential contagion hotspots — based on communicable disease
spreadability vectors — for better disease management, planning and targeted intervention. To
facilitate this recommendation, we have developed, validated, and illustrated the use of an
easily interpretable data-driven Contagion Risk Index, as a toolkit, in the case of COVID-19
pandemic in South Asia. This simple, low-cost, flexible toolkit could be readily adapted for
low and middle-income countries and could be utilized as a decision support guide for an
efficient use of their limited resources, while reducing the likelihood of a rapid resurgence of

the communicable diseases which would be useful for future epidemics and pandemics.
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A. Data & Variable Description for CR-Index

Al: Data and Variable Selection

All the data sources used in this study are listed in the sub-section below. For Pakistan, national level
district-wise disaggregated data was not available, except for the Sindh province. However, among the
29 districts of the province, we were able to collect information from 27 districts. Similarly, Bangladesh
did not report district-level daily COVID-19 mortality estimates.

It is important to note that we have considered a total of 19 potential variables under the four domains.
However, we have included only the variables with strong statistical and economics association with
daily COVID-cases of Bangladesh, India and Pakistan, respectively for the index construction.

We have district-wise CoVID-19 deaths along with COVID-19 cases as the outcome variable for
verifying CR-Index’s validity in India. The data on COVID-19 cases and deaths for India are available
in the form of cumulative numbers for each day. As our goal is to evaluate the strength of the CR-
Index, it is crucial to get daily COVID-19 data. For that, we have taken the first difference of daily
cumulative data for India on COVID-19 cases/deaths to get the number of COVID-19 positive cases
and reported deaths. We followed the following equation:

Cases/Deaths, = Cumulative Cases/Deaths; — Cumulative Cases/Deaths_

This method faced a problem. When we take the first difference of the cumulative cases, we get a
few observations with negative values. Our assumption is that these are enumeration errors and
hence we replaced these values with zeros. For both positive cases and deaths, merely 1% of the
total sample faced this issue in India.



A2: Variable Description, Domain and Rational

Table A2.1: CR-Index Variables

Domain Rational Citation Country Variable (district level)
Captures a particular district's Bangladesh
. overall economic activities, .
Urbanization industrialization, trade, and travel [7-12] India Share of urban population
connectivity Pakistan
Share of informal
Bangladesh % i istri
Informal employment s not anglades employment in the district
associated with paid leave or seek Share of nonfarm
Informality leave and do not allow work [15-17] India are oF fona
P h faciliti lts i employment
rom home facilities, results in -
Share of informal
more exposure to COVID-19 . . o
Pakistan employment in the district
Bangladesh
L . Share of out migration
Mioration Migration is an important [19-21] Indi
& channel for COVID-19 spread ndia
Pakistan Share of in migration
Bangladesh Number of public hospital
beds available per million
Health infrastructure to support India population
Health COVID-19 patients [22-24]
Number of public health
Pakistan facilities available per million

population

We obtained data on informal employment share for Bangladesh and Pakistan (Sindh), but such data
with high accuracy was not available for India, where we used the share of non-farm employment in
India, which is a reasonable proxy for informal employment. We could not get access to out-migration
data for Sindh from the source (Pakistan Social and Living Standard Measurement 2019-20).




A3: Summary Statistics

Table A3.1: Summary Statistics (Bangladesh)

Variable
Obs Mean Std. dev. Min Max
Daily COVID-19 Cases (Until February 2022) 36,577 44.85 210.64 1.00 6526.00
Share of out migration (International & Internal) 36,577 0.13 0.10 0.01 0.41
Share of informal employment 36,577 0.84 0.08 0.53 0.97
Share of urban population 36,577 0.31 0.22 0.11 0.89
Beds per million population 36,577 223.56 126.15 17.89 747.88
Table A3.2: Summary Statistics (India)
Variable Obs Mean Std. Min Max
dev.
Daily COVID-19 Cases (Until October 2021) 375,299  199.76 30554'6 0.00 135%93'0
Daily COVID-19 Deaths (Until October 2021) 375,381 1.11 6.92 0.00 1074.00
Beds per million population 420,488  629.17  743.39  0.00 62406.88
Share of urban population 420,488 0.26 0.21 0.00 1.00
Share of out migration (International & Internal) 420,488 0.00 0.00 0.00 0.05
Share of Non-farm Employment 420,488 0.46 0.21 0.11 1.00




Table A3.3: Summary Statistics (Pakistan-Sindh)

Variable Obs Mean Std. dev.  Min Max
Daily COVID-19 Cases (Until November 2021) 10,314 24.06 56.61 0.00 958.00
Daily COVID-19 Deaths (Until November 2021) 10,314 0.34 1.19 0.00 21.00
Health Facilities per million population 10,314 0.51 0.27 0.00 1.00
Share of In-migration 10,314 2.99 2.72 0.16 10.76
Share of urban population 10,314 41.24 27.62 8.05 100.00
Share of informal employment 10,314 0.42 0.17 0.17 0.78




A4: Index Score

District Index: scores by zome and % share of actual cases by the district

Table A4.1 Index Scores (Bangladesh)
% of actual cases drawn from February 10, 2022

0
Red Zone CR-Index A/cotgafl Green Zone CR-Index % Of Actual
Cases Cases
Chittagong 0.69 6.27 Mymensingh 0.56 1.3
Dhaka 0.66 32.49 Madaripur 0.54 1.25
Gazipur 0.65 2.07 Maulvibazar 0.53 0.75
Narsingdi 0.65 0.97 Shariatpur 0.53 0.59
Narayanganj 0.63 1.65 Faridpur 0.53 2.15
Rajshahi 0.62 1.28 Thakurgaon 0.53 0.2
Munshiganj 0.62 1.19 Khulna 0.52 0.97
Manikganj 0.61 0.86 Kushtia 0.52 1.03
Comilla 0.61 3.89 Cox's Bazar 0.51 4.57
Brahmanbaria 0.01 1.76 Jessore 0.51 1.23
Chandpur 0.61 1.3 Gaibandah 0.51 0.26
Tangail 0.61 1.85 Kishoreganj 0.51 1.49
Feni 0.6 1.23 Sherpur 0.5 0.18
Jhenaidah 0.57 0.4 Sunamganj 0.49 1.19
Noakhali 0.56 1.8 Barguna 0.48 0.15
Rajbari 0.56 0.88 Barisal 0.48 1.28
Lakshmipur 0.47 1.06
Jamalpur 0.47 0.26
Nilphamari 0.46 0.29
Netrokona 0.46 0.31
Rangpur 0.46 1.12
Pabna 0.46 2.26
Magura 0.45 0.26
Naogaon 0.45 0.75
Chuadanga 0.44 0.59
Habiganj 0.44 1.08
Satkhira 0.44 0.73
Sylhet 0.44 1.96
Sirajganj 0.44 0.99
Naclialf;nj 0.44 0.29
Panchagarh 0.43 0.48
Narail 0.43 0.68



% Of

% Of Actual

Red Zone CR-Index Actual Green Zone CR-Index

Cases Cases

Bogra 0.43 0.97

Pirojpur 0.42 0.15

Lalmonirhat 0.42 0.44

Kurigram 0.41 0.22

Natore 0.4 0.59

Rangamati 0.39 0.15

Patuakhali 0.38 0.59

Jhalokati 0.38 0.15

Dinajpur 0.36 0.99

Joypurhat 0.36 0.4

Gopalganj 0.35 1.65

Khagrachhari 0.35 0.15

Bhola 0.32 0.04

Meherpur 0.3 0.95

Bagerhat 0.28 0.37

Bandarban 0.27 0.02
Total 59.86 40.13




Table A4.2: Index Scores (India)

% of actual cases drawn from October 31, 2021

Red Zone  CR-Index  ° "Cf ;::;“al v Bi:tc}::al GreenZone  CR-Index  ° "Cf ;::;“al 7 Bfe‘:g:al
Kollam 0.76 0.12 2.46 Krishnagiri 0.44 0.02 0.41
Mungeli 0.75 0.13 1.23 Jogulamba 0.44 0 0

Chatra 0.75 0.05 1.64 Umaria 0.44 0 0

Nizamabad 0.75 0 0 Sambhal 0.44 0.01 0

Ea;ii’sm 0.75 0 0 Medak 0.44 0 0

Wesgﬁjﬁ‘smﬁa 0.75 0 0 Vaishali 0.44 0 0

South Garo 0.75 0 0 Farrukhabad 0.44 0 0
Hills

North Goa 0.75 0 0 Nayagarh 0.44 0 0

Osmanabad 0.74 0 0 Karur 0.44 0 0
Idukki 0.74 0 0 Garhwa 0.43 0 0

Sultanpur 0.74 0.02 0 Gurgaon 0.43 0 0

Kot 0T 0 0 Kumey 043 0 0

Chandauli 0.72 0 Nadia 0.43 0.01 0.82

Bangalore 0.7 0.06 2.87 Saharanpur 0.43 0 0
Daman 0.7 0 Batod 0.43 0 0
Mewat 0.7 0 Mysore 0.43 0 0

North East 0.7 0 0 Mayurbhanj 0.43 0 0
Lalitpur 0.7 0 Raichur 0.43 0 0

The Dangs 0.69 0.07 2.46 Saharsa 0.43 0 0

K"‘nd;‘jepum 0.69 0 0 Chl;‘f;;an 0.43 0 0
Ahmadabad 0.68 0 0 Iiﬁilsifiaan 0.43 0 0

Ghazipur 0.67 0 0 Jyoﬁjgzrh‘ﬂe 0.43 0 0
Faridkot 0.67 0 0 Hugli 0.43 0 0.41
Kannur 0.66 0.01 0 Katihar 0.43 0 0
Surguja 0.66 0 0 Allahabad 0.43 0 0
Bhopal 0.64 0 0 Koriya 0.43 0 0
Yanam 0.63 0 0 Kasaragod 0.43 0.01 0
Krishna 0.63 0.32 9.43 Kullu 0.43 0 0

Kandhamal 0.63 0.01 0 Nalbari 0.43 0 0
Total (for all
652 districts 31.27 87.7 68.73 12.3

in analysis)

*Total percentage share for each zone. Here, we are reporting only the top 30 districts for each zone. The full list is
available upon request.



Table A4.3 Index Scores (Pakistan-Sindh)
% of actual cases drawn from Augnst 19, 2021

RedZone  CRndex "Rt TpOCms e’ CRmdes  PEEE T E
Karachi East 0.83 28.94 32.14  Sukkur 0.51 0 0
Karachi West 0.73 1.44 25 Eﬁ;r 0.49 1.51 0
Ié:iif;l 0.71 14.13 357 Mirpurkhas 0.46 3.43 0
Hyderabad 0.62 8.3 0  Umerkot 0.45 0.14 0
Karachi Malir 0.58 8.02 0  Jamshoro 0.4 2.33 0
gﬁjﬁm 0.56 23.25 32.14  Badin 0.37 1.17 3.57
Thatta 0.35 0.41 0
Larkana 0.34 0 0
SB.A 0.31 3.43 3.57
Dadu 0.31 0 0
Sanghar 0.31 0.14 0
N. Feroze 0.29 1.71 0
Matiari 0.29 1.3 0
Kambar 0.28 0 0
T.M Khan 0.27 0 0
Ghotki 0.26 0 0
Khairpur 0.23 0.14 0
Kashmore 0.16 0.07 0
Tharparkar 0.12 0.07 0
Shikarpur 0.11 0.07 0
Jccobabad 0.08 0 0
Total 84.09 92.86 15.91 7.14




A5: A simple flowchart for constructing the CR-index

Figure A5.1
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B. Supplementary Time Series Figures of Covid-19 Cases and Deaths

Figure B.1: Daily Covid-19 cases in Bangladesh
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Figure B.2: Daily Covid-19 cases in India
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Figure B.3: Daily Covid-19 deaths in India
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Figure B.4: Daily Covid-19 cases in Pakistan (Sindh)
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Figure B.5: Daily Covid-19 deaths in Pakistan (Sindh)
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C. Contagion Zoning (Additional Results)

Table C1: CR Index Percentile for Zoning

Country 25th percentile Mean 75th percentile
Bangladesh 0.43 0.48 0.56
India 0.33 0.37 0.44
Pakistan (Sindh) 0.27 0.34 0.51

C1: Index Scores
District Index scores by zome and % share of actual cases by the district

Table C1.1: Bangladesh
% of actual cases drawn from February 10, 2022

RedZone  CR-Index %ijs‘:stual GreenZone  CR-Index ' %21:::“31 Green Zone  CR-Index ' %21:::“31

Chittagong 0.69 6.27 Manikganj 0.61 0.86 Pirojpur 0.42 0.15
Dhaka 0.66 32.49 Comilla 0.61 3.89 Lalmonirhat 0.42 0.44
Gazipur 0.65 2.07 Bmh“;a“bm 0.61 1.76 Kurigram 0.41 0.22
Narsingdi 0.65 0.97 Chandpur 0.61 1.3 Natore 0.4 0.59
Narayanganj 0.63 1.65 Tangail 0.61 1.85 Rangamati 0.39 0.15
Rajshahi 0.62 1.28 Feni 0.6 1.23 Patuakhali 0.38 0.59
Munshiganj 0.62 1.19 Jhenaidah 0.57 0.4 Jhalokati 0.38 0.15
Noakhali 0.56 1.8 Dinajpur 0.36 0.99
Rajbari 0.56 0.88 Joypurhat 0.36 0.4
Mymensingh 0.56 1.3 Gopalganj 0.35 1.65
Madaripur 0.54 1.25 Khagrachhari 0.35 0.15
Maulvibazar 0.53 0.75 Bhola 0.32 0.64
Shariatpur 0.53 0.59 Meherpur 0.3 0.95
Faridpur 0.53 2.15 Bagerhat 0.28 0.37
Thakurgaon 0.53 0.2 Bandarban 0.27 0.02

Khulna 0.52 0.97

Kushtia 0.52 1.03

Cox's Bazar 0.51 4.57

Jessore 0.51 1.23
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Red Zone ~ CRIndex ¢ OfActual - nZone CRndex 2 OfAcmal G nZone CRIndex °OfActual
Cases Cases Cases
Gaibandah 0.51 0.26
Kishoreganj 0.51 1.49
Sherpur 0.5 0.18
Sunamgan; 0.49 1.19
Barguna 0.48 0.15
Barisal 0.48 1.28
Lakshmipur 0.47 1.06
Jamalpur 0.47 0.26
Nilphamari 0.46 0.29
Netrokona 0.46 0.31
Rangpur 0.46 1.12
Pabna 0.46 2.26
Magura 0.45 0.26
Naogaon 0.45 0.75
Chuadanga 0.44 0.59
Habiganj 0.44 1.08
Satkhira 0.44 0.73
Sylhet 0.44 1.96
Sirajganj 0.44 0.99
Naclialfg"‘;nj 0.44 0.29
Panchagarh 0.43 0.48
Narail 0.43 0.68
Bogra 0.43 0.97
Total 45.92 46.64 7.46
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Table C1.2: India
% of actual cases drawn from October 31, 2021

CR- % of % of CR- % of Actual % of CR- % of % of
Red Zone Ind Actual Actual Orange Zone Ind ° C Actual Green Zone Inde  Actual Actual
ndex Cases Deaths ndex ases Deaths X Cases Deaths
Kollam 0.76 0.12 2.46  Jagatsinghapur 0.55 0.00 0.00  Mahrajganj 0.32 0.00 0.00
Komaram
Mungeli 0.75 0.13 1.23 Bheem 0.55 0.26 0.00  Malappuram 0.32 0.00 0.00
Chatra 0.75 0.05 1.64 Dumka 0.55 0.00 0.00  Chikmagalur 0.32 0.00 0.00
Sultanpur 0.74 0.02 0.00 Tiruvannamalai 0.55 0.00 0.41  Ganderbal 0.32 0.00 0.00
Chandauli 0.72 0.00 0.00 Amritsar 0.55 0.00 0.00  Jhabua 0.32 0.00 0.00
Bangalore 0.70 0.06 2.87 Khowai 0.54 0.11 0.82  Rajkot 0.32 0.00 0.00
Daman 0.70 0.00 0.00 Mahesana 0.54 0.00 0.00 Rae Bareli 0.32 0.00 0.00
Lalitpur 0.70 0.00 0.00 Karauli 0.54 0.00 0.00 Bahraich 0.32 0.00 0.00
The Dangs 0.69 0.07 2.46  Dindigul 0.54 0.00 0.41  Jashpur 0.32 0.00 0.00
Ahmadabad 0.68 0.00 0.00  Darjiling 0.54 0.01 0.00  Latehar 0.32 0.00 0.00
Ghazipur 0.67 0.00 0.00  Mirzapur 0.53 0.00 0.00 Bastar 0.32 0.00 0.00
Faridkot 0.67 0.00 0.00 Lohardaga 0.53 0.00 0.00 Basti 0.31 0.00 0.00
Kannur 0.66 0.01 0.00  Papum Pare 0.53 0.00 0.00 Barmer 0.31 0.00 0.00
Surguja 0.66 0.00 0.00 Vikarabad 0.53 0.00 0.00  Raipur 0.31 0.00 0.00
Bhopal 0.64 0.00 0.00  Jaisalmer 0.52 0.00 0.00  Tapi 0.31 0.00 0.00
Yanam 0.63 0.00 0.00 Palwal 0.52 0.01 0.00 Bid 0.31 0.01 0.00
Krishna 0.63 0.32 9.43 Kathua 0.52 0.06 0.00 Dhamtari 0.31 0.00 0.00
Kandhamal 0.63 0.01 0.00  Malkangiri 0.52 0.14 19.67 Mansa 0.31 0.00 0.00
Paschim
Gwalior 0.63 0.00 0.00  Medinipur 0.52 0.00 0.00  Jalor 0.31 0.00 0.00
Kanpur
Tirap 0.62 0.32 2418 Jamtara 0.52 0.00 0.00  Nagar 0.31 0.00 0.00
Lunglei 0.61 0.00 0.00  Warangal (U) 0.52 0.00 0.00 Katni 0.31 0.00 0.00
South
Hapur 0.61 0.03 0.00  Muzaffarpur 0.52 0.00 0.00 Andaman 0.31 0.00 0.00
Dhanbad 0.61 0.00 0.00 Thiruvallur 0.51 0.01 0.82  Changlang 0.31 0.00 0.00
Jabalpur 0.61 0.00 0.00 Rampur 0.51 0.00 0.00 Yavatmal 0.31 0.00 0.00
Doda 0.60 0.00 0.00 Ambala 0.51 0.00 0.00  Bijapur 0.31 0.00 0.00
Ludhiana 0.60 0.00 0.00 Coimbatore 0.51 0.05 0.41 Bulandshahr 0.31 0.00 0.00
Erode 0.60 0.45 451 Karimnagar 0.51 0.00 0.00 Palakkad 0.31 0.01 0.00
Nuapada 0.60 0.06 246 Agra 0.51 0.00 0.00 Kendrapara 0.31 0.00 0.00
Thiruvarur 0.59 0.01 0.00 Kozhikode 0.50 0.22 2.05  Shupiyan 0.31 0.00 0.00
South West
Kanpur Dehat 0.59 0.13 0.00 Garo Hills 0.50 0.03 0.41 Khammam 0.31 0.00 0.00

Total (for all
652 districts
in analysis) 2.65 52.87 97.26 47.13 0.09 0.00

*Total percentage share for each zone. Here, we are reporting only the top 30 districts for each zone. The full list is
available upon request.
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Table C1.3 Pakistan (Sindh)

% of actual cases drawn from Augnst 19, 2021

Red CR- A% of o of Orange cr-  of  Yeof Green  CR- /o of /o of

Zone Index ctual Actual Zone Index Actual  Actual Zone Index Actual Actual
Cases Deaths Cases Deaths Cases Deaths
gzsr:”hi 0.83 28.94 32.14  Hyderabad 0.62 8.3 0 T.M Khan 0.27 0 0
i’ff‘er::hi 0.73 1.44 25 ﬁiﬁf‘:m 0.58 8.02 0 Ghotki 0.26 0 0
Ej;ﬁl 0.71 14.13 3.57 I;jﬁhl 056 2325 3214 Khairpur 0.23 0.14 0
Sukkur 0.51 0 0 Kashmore 0.16 0.07 0
E‘;ﬁ;’far 0.49 1.51 0 ;Fharpark"‘ 0.12 0.07 0
Mirpurkhas 0.46 3.43 0 Shikarpur 0.11 0.07 0
Umerkot 0.45 0.14 0 Jeccobabad 0.08 0 0

Jamshoro 0.4 2.33 0

Badin 0.37 1.17 3.57

Thatta 0.35 0.41 0

Larkana 0.34 0 0

SB.A 0.31 3.43 3.57

Dadu 0.31 0 0

Sanghar 0.31 0.14 0

N. Feroze 0.29 1.71 0

Matiari 0.29 1.3 0

Kambar 0.28 0 0
Total 44.51 60.71 55.14  39.28 0.35 0
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D. Tables on Predictive Performance for the CR-Index

We use multiclass classification to assign districts into three risk groups based on three colored zones.
For a given country, a district is identified as high-risk and ‘Red’ zone, if the percentage of COVID-
19 cases (or deaths) in that district exceeds the 90" percentile threshold relative to all other districts in
the country. A district is identified as ‘Orange’ zone if the percentage of COVID-19 cases (or deaths)
in that district is between the 90™ and 25" percentile relative to other districts; and ‘Green’ zone if
below the 25" percentile. In our multiclass classification, positive class is defined by districts that are
identified as high-risk or ‘Red’ zones. We then model the multiclass categorical response variable for
district-wise COVID -19 cases (deaths) as a function of the CR-Index for the training data to feed the
RF algorithm. We then compare the predicted risk category of each district, with their actual risk
category in the test data. We use the train/test split method where the RF process is fitted to the
training data, and its predictive accuracy is assessed with the test sample. In contrast to the traditional
approach of using a random split to determine the test data, we use the eatly/late split method, whete
the early time-series data is utilized to train, and the later data is used as a test. Moreover, to reduce

the bias and variance of the estimations, we fit RF using 5-fold cross validation repeated for 50 times.

The classification prediction of the CR-Index is assessed by the AUC (Area Under the Curve) and
ROC (Receiver Operating Characteristics) curves. ROC is a probability curve that informs how much
the CR-Index can distinguish between classes, whereas AUC measures the degree of separability. The
ROC curve plots the true positive rate (TPR) against the false positive rate (FPR). TPR, also known
as “Sensitivity”, is the ratio of districts that are correctly categorized as high-risk (true positive) to the
total number of positives. Whereas FPR, is “(1 — Specificity)”, where “Specificity” is the true negative
rate, and it is the ratio of the number of low-risk districts incorrectly categorized as high-risk to the
total number of actual negatives. Each point on the ROC curves represents a specific sensitivity-

specificity pair corresponding to a particular decision threshold.

Higher the value of AUC — greater the predictive accuracy — and therefore, the better the model (here
the CR-Index) at distinguishing high-risk districts from low-risk. For example, when AUC equals the
value of one, the ROC curve reaches the upper top-left corner of the plot implying 100% test accuracy,

or perfect separation between the two risk categories.
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In general, an AUC value between 0.70 to 0.80 is considered acceptable; 0.80 to 0.90 is considered

excellent, and more than 0.90 is considered outstanding

In addition to AUC, the detailed tables also report the values of other commonly used metrics for
predictive performance, namely, sensitivity, specificity, and balanced accuracy. Sensitivity is defined as
the true positive rate, whereas specificity is the true negative rate. High-risk (Red) districts are taken

as the positive class. Balanced accuracy is the arithmetic average of sensitivity and specificity.
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D1: Tables on Predictive Performance for the CR-Index (Multi classification)

Table D1.1: 2020 data as training and 2021 as test using multi-classification (India Covid-19 cases)

Month Balanced Sensitivity Specificity AUC-
Accuracy ROC
January 0.74 0.68 0.80 0.79
February 0.66 0.58 0.74 0.71
March 0.65 0.56 0.74 0.71
April 0.78 0.72 0.84 0.82
May 0.85 0.81 0.89 0.88
June 0.66 0.57 0.74 0.72
July 0.60 0.52 0.67 0.66
August 0.59 0.52 0.66 0.65
September 0.62 0.56 0.68 0.68
October 0.62 0.55 0.69 0.67
Mean 0.68 0.61 0.75 0.73
2021 0.86 0.83 0.89 0.90

The table provides the predictive accuracy results using multi-
classification. Districts belong to the red zone if covid-19 cases are
greater than or equal to the 90th percentile; orange zone if cases fall
within the 90th and 25th percentile; and green zone if below the 25th
percentile. The mean computes the average of balanced accuracy,
sensitivity, specificity, and AUC-ROC values across all the available
months in 2021 used separately as testing data and 2020 as the training
data. The values for the 2021 row use the entire 2021 as the testing data
and 2020 as the training using the early-late split method of cross
validation.
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Table D1.2: 2020 data as training and 2021 as test using multi-classification (India Covid-19 deaths)

Month Balanced Sensitivity Specificity AUC-

Accuracy ROC
January 0.68 0.59 0.78 0.73
February 0.75 0.55 0.95 0.84
March 0.75 0.54 0.95 0.79
April 0.73 0.64 0.81 0.77
May 0.75 0.68 0.82 0.81
June 0.72 0.64 0.80 0.78
July 0.61 0.51 0.71 0.69
August 0.68 0.42 0.94 0.71
September 0.74 0.55 0.93 0.79
October 0.71 0.51 0.91 0.78
Mean 0.71 0.56 0.86 0.77
2021 0.86 0.83 0.89 0.84

The table provides the predictive accuracy results using multi-
classification. Districts belong to the red zone if covid-19 deaths are
greater than or equal to the 90th percentile; orange zone if deaths fall
within the 90th and 25th percentile; and green zone if below the 25th
percentile. The mean computes the average of balanced accuracy,
sensitivity, specificity, and AUC-ROC values across all the available
months in 2021 used separately as testing data and 2020 as the training
data. The values for the 2021 row use the entire 2021 as the testing data
and 2020 as the training using the eartly-late split method of cross
validation.
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Table D1.3: 2020 data as training and 2021 as test using multi-classification (Pakistan-Sindh Covid-

19 cases)
Month Balanced Sensitivity Specificity AUC-
Accuracy ROC
January 0.82 0.79 0.84 0.87
Februaty 0.62 0.54 0.71 0.82
March 0.62 0.54 0.71 0.82
April 0.72 0.70 0.75 0.92
May 0.75 0.72 0.79 0.93
July 0.82 0.79 0.84 0.87
August 0.78 0.74 0.82 0.86
October 0.72 0.70 0.75 0.85
Mean 0.73 0.69 0.78 0.87
2021 0.84 0.83 0.85 0.97

The table provides the predictive accuracy results using multi-
classification. Districts belong to the red zone if covid-19 cases are
greater than or equal to the 90th percentile; orange zone if cases fall
within the 90th and 25th percentile; and green zone if below the 25th
percentile. The mean computes the average of balanced accuracy,
sensitivity, specificity, and AUC-ROC values across all the available
months in 2021 used separately as testing data and 2020 as the training
data. The values for the 2021 row use the entire 2021 as the testing data
and 2020 as the training using the early-late split method of cross
validation. The predictive accuracy for the month of June is missing due
to computational reasons.
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Table D1.4: 2020 data as training and 2021 as test using multi-classification (Pakistan-Sindh Covid-

19 deaths)

Month Balanced Sensitivity Specificity AUC-
Accuracy ROC

January 0.71 0.68 0.75 0.77
February 0.72 0.68 0.76 0.73
March 1.00 1.00 1.00 1.00
April 0.81 0.67 0.96 0.94
May 0.81 0.69 0.82 0.91
June 0.76 0.73 0.80 0.86
July 0.65 0.56 0.75 0.72
August 0.79 0.72 0.86 0.92
September 0.80 0.76 0.83 0.93
October 0.61 0.51 0.72 0.63
Mean 0.77 0.70 0.83 0.84
2021 0.91 0.90 0.91 0.96

The table provides the predictive accuracy results using multi-
classification. Districts belong to the red zone if covid-19 deaths are
greater than or equal to the 90th percentile; orange zone if deaths fall
within the 90th and 25th percentile; and green zone if below the 25th
percentile. The mean computes the average of balanced accuracy,
sensitivity, specificity, and AUC-ROC values across all the available
months in 2021 used separately as testing data and 2020 as the training
data. The values for the 2021 row use the entire 2021 as the testing data
and 2020 as the training using the early-late split method of cross
validation.
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Table D1.5: 2020 data as training and 2021 as test using multi-classification (Bangladesh Covid-19

cases)

Month Balanced  Sensitivity Specificity AUC-
Accuracy ROC

January 0.78 0.75 0.80 0.82
Februaty 0.70 0.65 0.76 0.77
March 0.68 0.62 0.74 0.76
April 0.68 0.62 0.74 0.77
May 0.66 0.58 0.77 0.71
June 0.63 0.52 0.74 0.67
July 0.73 0.66 0.81 0.80
August 0.66 0.56 0.77 0.73
September 0.67 0.58 0.77 0.78
October 0.67 0.57 0.77 0.72
November 0.70 0.01 0.80 0.74
December 0.68 0.65 0.70 0.78
January 0.72 0.67 0.77 0.82
Februaty 0.74 0.66 0.82 0.78
Mean 0.69 0.62 0.77 0.76
2021 0.78 0.74 0.83 0.86
2022 0.72 0.65 0.79 0.79

The table provides the predictive accuracy results using multi-
classification. Districts belong to the red zone if covid-19 cases are
greater than or equal to the 90th percentile; orange zone if cases fall
within the 90th and 25th percentile; and green zone if below the 25th
percentile. The mean computes the average of balanced accuracy,
sensitivity, specificity, and AUC-ROC values across all the available
months in 2021 used separately as testing data and 2020 as the training
data. The values for the 2021 row use the entire 2021 as the testing data
and 2020 as the training using the early-late split method of cross
validation.

25



D2: Tables on Predictive Performance for the CR-Index (Binary Classification
using 75™ percentile cut-off)

Table D2.1: 2020 data as training and 2021 as test using 0.75 percentile cut-off (India Covid-19

cases)

Month Balanced Sensitivity Specificity AUC-

Accuracy ROC
January 0.84 0.85 0.82 0.84
February 0.84 0.94 0.74 0.86
March 0.81 0.86 0.77 0.83
April 0.84 0.77 0.91 0.85
May 0.88 0.80 0.97 0.90
June 0.82 0.78 0.87 0.84
July 0.80 0.82 0.78 0.82
August 0.80 0.86 0.74 0.81
September 0.77 0.84 0.71 0.78
October 0.77 0.82 0.73 0.77
Mean 0.82 0.83 0.80 0.83
2021 0.91 0.87 0.96 0.92

The mean computes the average of balanced accuracy, sensitivity,
specificity, and AUC-ROC values across all the available months in 2021
used separately as testing data and 2020 as the training data. The values
for the 2021 row use the entire 2021 as the testing data and 2020 as the
training using the early-late split method of cross validation.
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Table D2.2: 2020 data as training and 2021 as test using 0.75 percentile cut-off (Indian Covid-19

deaths)

Month Balanced Sensitivity Specificity AUC-

Accuracy ROC
January 0.79 0.71 0.87 0.81
February 0.80 0.77 0.83 0.82
March 0.79 0.76 0.82 0.82
April 0.78 0.66 0.90 0.80
May 0.80 0.65 0.96 0.85
June 0.80 0.69 0.90 0.81
July 0.77 0.72 0.82 0.77
August 0.77 0.75 0.80 0.79
September 0.76 0.76 0.75 0.78
October 0.76 0.80 0.72 0.78
Mean 0.78 0.73 0.84 0.80
2021 0.85 0.74 0.96 0.88

The mean computes the average of balanced accuracy, sensitivity,
specificity, and AUC-ROC values across all the available months in 2021
used separately as testing data and 2020 as the training data. The values
for the 2021 row use the entire 2021 as the testing data and 2020 as the
training using the eatly-late split method of cross validation.
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Table D2.3: 2020 data as training and 2021 as test using 0.75 percentile cut-off (Pakistan-Sindh
Covid-19 cases)

Month Balanced Sensitivity Specificity AUC-
Accuracy ROC

January 0.90 0.86 0.95 0.90
Februaty 0.88 0.75 1.00 0.86
March 0.79 0.63 0.95 0.76
April 0.79 0.63 0.95 0.82
May 0.79 0.63 0.95 0.82
June 0.88 0.75 1.00 0.85
July 0.88 0.75 1.00 0.86
August 0.88 0.75 1.00 0.86
September 0.75 0.56 0.94 0.69
October 0.61 0.38 0.84 0.58
Mean 0.82 0.67 0.96 0.80
2021 0.88 0.75 1.00 0.86

The mean computes the average of balanced accuracy, sensitivity,
specificity, and AUC-ROC values across all the available months in 2021
used separately as testing data and 2020 as the training data. The values
for the 2021 row use the entire 2021 as the testing data and 2020 as the
training using the eatly-late split method of cross validation.
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Table D2.4: 2020 data as training and 2021 as test using 0.75 percentile cut-off (Pakistan-Sindh
Covid-19 deaths)

Month Balanced Sensitivity Specificity AUC-

Accuracy ROC
January 0.90 0.86 0.95 0.99
Februaty 0.83 0.67 1.00 0.86
March 0.93 1.00 0.86 1.00
April 0.83 0.67 1.00 0.93
May 0.88 0.75 1.00 0.85
June 0.88 0.75 1.00 0.93
July 0.81 0.67 0.94 0.84
August 0.88 0.75 1.00 0.86
September 0.83 0.67 1.00 0.85
October 0.75 0.50 1.00 0.76
Mean 0.85 0.73 0.98 0.89
2021 0.90 0.86 0.95 0.90

The mean computes the average of balanced accuracy, sensitivity,
specificity, and AUC-ROC values across all the available months in 2021
used separately as testing data and 2020 as the training data. The values
for the 2021 row use the entire 2021 as the testing data and 2020 as the
training using the eatly-late split method of cross validation.
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Table D2.5: 2020 data as training and 2021 as test using 0.75 percentile cut-off (Bangladesh Covid-
19 cases)

Month Balanced  Sensitivity Specificity AUC-

Accuracy ROC

January 0.87 0.92 0.83 0.85
February 0.84 0.85 0.84 0.91
March 0.85 0.91 0.79 0.92
April 0.91 0.93 0.90 0.91
May 0.85 0.72 0.98 0.82
June 0.77 0.58 0.96 0.75
July 0.84 0.68 1.00 0.85
August 0.78 0.65 0.91 0.90
September 0.82 0.71 0.94 0.86
October 0.83 0.75 0.92 0.88
November 0.88 0.81 0.94 0.89
December 0.83 0.85 0.82 0.85
January 0.87 0.86 0.88 0.92
February 0.82 0.71 0.94 0.84
Mean 0.84 0.78 0.90 0.87
2021 0.90 0.82 0.98 0.91
2022 0.85 0.80 0.90 0.87

The mean computes the average of balanced accuracy, sensitivity,
specificity, and AUC-ROC values across all the available months in 2021
and 2022 used separately as testing data and 2020 as the training data.
The values for the 2021 and 2022 row uses the entire 2021 and 2022 as
the testing data and 2020 as the training using the eatly-late split method
of cross validation.
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D3: Tables on Predictive Performance for the CR-Index (District-Monthly

Level)

Table D3.1: Predictive Performance of the CR-Index using district-monthly level data

India (cases) India (deaths) | Pakistan-Sindh | Pakistan-Sindh Bangladesh
(cases) (deaths)
75th | Muld | 75th | Muld | 75th | Muld | 75th | Muld | 75th | Muld
(90) (90) (90) (90) (90)
Sensitivity 0.70 0.53 0.51 0.53 0.70 0.66 0.83 0.70 0.63 0.58
Specificity 0.86 0.73 0.91 0.78 0.95 0.75 0.94 1.00 0.94 0.80
Balanced 0.78 0.63 0.71 0.65 0.82 0.70 0.89 0.85 0.79 0.69
Accuracy

AUC-ROC 0.87 0.77 0.83 0.77 0.85 0.78 0.92 0.98 0.88 0.83
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Figure D1: ROC Curves

Figure D1 provides the ROC curves for the binary classification problem, where districts are classified
as high-risk if Covid-19 cases (or deaths) exceed the 75" percentile threshold and vice-versa. The

ROC curves are obtained by using the data for 2021 as test and 2020 as training.
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