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ABSTRACT

COVID-19 has affected the lives of millions of people worldwide. This thesis in-

cludes two statistical studies on the response to COVID-19. The first study explores

the impact of lockdown timing on COVID-19 transmission across US counties. We

used functional principal component analysis to extract COVID-19 transmission pat-

terns from county-wise case counts, and used supervised machine learning to identify

risk factors, with the timing of lockdowns being the most significant. In particular, we

found a critical time point for lockdowns, as lockdowns implemented after this time

point were associated with significantly more cases and faster spread. The second

study proposes an adaptive sample pooling strategy for efficient COVID-19 diagnos-

tic testing. When testing a cohort, our strategy dynamically updates the prevalence

estimate after each test if possible, and uses the updated information to choose the

optimal pool size for the subsequent test. Simulation studies show that compared to

traditional pooling strategies, our strategy reduces the number of tests required to

test a cohort and is more resilient to inaccurate prevalence inputs. We have developed

a dashboard application to guide the clinicians through the test procedure when using

our strategy.
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Chapter 1

Introduction

This work was published by EClinicalMedicine [12] and is included in Part I and

Appendix A of this thesis verbatim with minor changes. Xiaolin Huang contributed

to the acquisition of the datasets from online resources, data processing, data analysis,

preparing the first draft of the manuscript, and participating in revisions. Permission

from the publisher is not required to include the publication in this thesis.

Coronavirus disease 2019 (COVID-19) is a global pandemic that has affected over

181 million individuals and killed 3.9 million people across the world as of June

27, 2021 [26]. SARS-CoV-2, the virus responsible for this pandemic, is transmitted

through a respiratory route with an average basic reproductive number (commonly de-

noted as R0) of 2−3 [25]. At this R0, there is an exponential growth in the case counts

of COVID-19 in the community, leading to large increases in COVID-19 related mor-

bidity and mortality, which may overwhelm the local health care systems. To reduce

COVID-19 transmission, governments around the world have imposed ‘lockdowns’ of

their communities [11]. By limiting resident mobility and inter-personal contact, lock-

downs along with other non-pharmacological interventions (NPIs) reduce the spread

of COVID-19 in communities [27, 32, 8]. However, the timing of these lockdowns

has been extremely variable with no clear consensus on when they should be imple-

mented in communities. Here, we used data from over 3, 000 counties in the United

States (US) to determine the relationship between the timing of lockdowns relative

to the first appearance of COVID-19 and the trajectory of COVID-19 spread in these

communities.
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Chapter 2

Methods

2.1 Data sources

2.1.1 COVID-19 case counts during the pandemic across the

United States (US) counties

We extracted COVID-19 data from the Johns Hopkins Coronavirus Resource Center

[6] and analyzed the daily records of cumulative COVID-19 case counts across 3340

counties in the US from 2020-01–22 to 2021–01–31. We excluded counties that were

not included in the US American Community Survey (ACS) [31] 5-year estimates,

leaving 3140 counties in the dataset. We further excluded counties that did not

report at least five total cases of COVID-19. The final data contained case counts

from 3112 counties.

2.1.2 Demographic factors and lockdown across US counties

We extracted demographic, socioeconomic, and health insurance data for each county

from the 2015–2019 US Census (using R package tidycensus [33]). Specifically, we

fetched the following parameters (which are detailed in Table A.1) from the ACS

five-year data profile for each county: socioeconomics (comprising median family

income and the Gini Index), demographics (comprising total population, population

density, and proportionality of males), health insurance status (private and public

coverage of health insurance), household composition (median age), ethnicity, and

geographical mobility and mode of transportation. In Figs. A.2–A.4, we display

the relationship of these parameters with the COVID-19 count trajectories and have
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overlaid these values on a US map in Figs. A.5–A.9. In addition, we determined

“lockdown timing”, which was calculated as the difference in days between the date

on which the county experienced at least five cumulative cases of COVID-19 and the

date on which the county first initiated a lockdown [36]. Here, we defined “lockdown”

as the date on which “stay-at-home” orders were issued in a county. If a county

instituted multiple lockdowns during the follow-up period, we only used the first

lockdown in our downstream analysis.

2.1.3 Non-pharmaceutical interventions

We also included data on non-pharmaceutical interventions (NPI), which were defined

using terms from the Oxford Covid-19 Government Response Tracker (OxCGRT) [11].

We formated the data to enable calculation of the time interval (in days) from the re-

porting date of a county of 5 or more cumulative cases of COVID-19 to the initiation

date of the NPI in question. The NPIs included ‘debt/contract relief’ (government

preventing termination of services from missing payments), ‘public information cam-

paigns’ (on COVID-19), ‘testing policy’ (accessibility to COVID diagnostics), ‘contact

tracing’ (of identified cases), use of ‘facial coverings’, ‘vaccination policy’ (availability

of vaccines), and ‘protection of elderly people’. We excluded NPIs which had more

than 30% of missing data. Detailed definitions of NPIs can be found in Table A.1.

2.2 Statistical methods

2.2.1 Modeling the spread of COVID-19 over time in the US

counties using unsupervised machine learning

We considered the daily cumulative case count of a county as its trajectory over time,

and extracted the patterns using a functional principal component (FPC) analysis

[34]. First, we realigned the trajectories to ensure that there were at least five cumu-

lative cases at the start of each trajectory. We then investigated the hidden patterns

in these trajectories with FPC analysis. The FPC model is given using the following

formula:

log(Qij) = fi(tj) = µ(tj) +
m∑
k=1

ξikϕk(tj) (2.1)



5

where Qij is the cumulative case count of the ith county on the jth day.

The FPC model mapped these trajectories onto anm-dimensional functional space

spanned bym orthogonal eigen-functions ϕk(). The eigen-functions are ordered by the

proportion of variance in the dataset that can be explained by these functions. Each

eigen-function describes how individual trajectory differs from µ(), which denotes the

average trajectory across all the counties. The coefficient ξik is the functional principal

component (FPC) score, or the coordinate of the ith county in the kth dimension of

the functional space. Practically, ξik describes the strength of the kth pattern in the

ith county’s cumulative case count trajectories. Therefore, the log daily case count

trajectory of each county can be modeled as the national average trajectory plus the

sum of eigenfunctions (weighted by corresponding FPC scores), as in (2.1). Müller

et al. [34, 20] introduced the theoretical details that outline the method by which

estimated functions µ() and ϕk() as well as coefficients ξik are generated. In this work,

we estimated these parameters using the R package fdaPACE [3].

2.2.2 Exploring the marginal effect of each risk factor

Using a simple linear regression model, we investigated the unadjusted marginal ef-

fects of lockdown timing, characteristics of the counties, and NPIs on COVID-19

transmission across the US. A summary statistics from these linear regression models

is provided in Table 3.2.

Fig. 3.3 shows that the observed relationship between the first FPC scores and

the timing of lockdowns was non-linear: its appearance was that of a “hockey stick”

with an inflection point indicating a significant change in its slope. Thus, we derived

three new variables from the timing of lockdown: a binary indicator of lockdown

implementation, a slope before inflection point (denotes the effect of the lockdown

timing when implemented before the inflection point), and a slope after inflection

point (denotes the effect of the lockdown timing when implemented after the inflection

point), and used segmented regression to model this relationship. The inflection

point for the lockdown variable was ascertained via the significant change in the

slopes before and after the inflection point. The statistical technical details of the

segmented model are provided in supplementary document under section “Modeling

lockdown effect using segmented regression.”
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2.2.3 Modeling joint effects of all risk factors simultaneously

using supervised machine learning

Finally, to explore the joint effects of all risk factors on the first FPC scores, we fitted

an elastic net model [37] to these data. Elastic net is a popular machine learning

method, which is based on a regularized linear model

ξi1 = α0 + α1Xi1 + α2Xi2 + α3Xi3 + α4Xi4 + · · ·+ αpXip (2.2)

where (Xi1, Xi2, Xi3) are derived variables from lockdown information as defined in

model (A.1) which together represent the effect of lockdown timing, and (Xi4, ..., Xip)

are (p− 3) demographic and NPI characteristics of the ith county.

Compared with multiple linear regression, elastic net incorporates various penal-

ties on coefficients and provides better prediction models. First, elastic net can auto-

matically select important predictors in a linear model (2.2) by automatically assign-

ing a zero coefficient to unimportant predictors via a penalty on absolute values of

coefficients. Second, the elastic net penalty addresses the issue of multi-collinearity

among predictors, which makes models more reliable than multiple regressions. How-

ever, elastic net does not provide confidence intervals for coefficients. To capture the

uncertainty of the risk estimates, we generated 95% confidence intervals for each coef-

ficient using a re-sample (bootstrap) approach. Specifically, we sampled the counties

for replication 1000 times. Next, we applied an elastic net model to each of these

random subsets to generate 1000 sets of estimated coefficients, and then built a 95%

confidence interval using these coefficients. Here, we fitted all elastic net models using

R Package ‘glmnet’ [9]. Statistical significance was defined by p-value < 0.05. All

data analyses were performed using R Statistical Software [24]. The source codes are

available to the public by accessing https://github.com/ubcxzhang/COVID.FPCA/.

The mathematical details and interpretation of this modeling process are provided in

section “Interpretation of fitted Elastic net models” of the supplementary document.

2.3 Role of the funding

The data analysis is conducted using computing resource offered by

Compute Canada/West Grid. The sponsor had no role in the design of the study, the

collection and analysis of the data, or the preparation of the manuscript.
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Chapter 3

Results

3.1 Functional principal component analysis of COVID-

19 case counts

We performed a Functional Principal Component (FPC) Analysis on the trajectories

of COVID-19 spread across 3112 US counties. Strikingly, the first FPC explained a

vast majority of the total variance (about 92.86%). The first FPC score represents

the weighted average of COVID-19 case counts and the weighted changes in the rate

of COVID-19 case counts over time (on an exponential scale), with weights based on

the first eigenfunction. Thus, we can use the first FPC score to describe the overall

severity of the pandemic for the ith county. In section “Interpretation of the first

FPC scores” of the supplementary document, we provide the mathematical details

to support this interpretation.

Fig. 3.1 shows the average trajectory of COVID-19 daily cumulative counts across

all US counties, which is denoted by the function µ(). In the lower panel, the blue/red

curve represents the average COVID-19 case count trajectories of counties that imple-

mented a lockdown before/after the inflection point. The shaded area represents the

confidence intervals constructed using the interquartile range (i.e., 25–75% quartiles).

An early lockdown (before the inflection point) was associated with a lower case count

than the national average across the entirety of the follow-up period; whereas the op-

posite was true for late lockdowns (defined as occurring after the inflection point).

Furthermore, an early lockdown was associated with a slower increase in the rate

of COVID-19 counts for the first 50 days of the pandemic. The upper panel shows

the percentages of counties which implemented lockdown at each day, grouped by
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early (blue) or late (red) lockdown. Since we normalized the trajectories by defining

day-0 as the day on which a county reported first 5 cumulative cases and “early”

versus “late” lockdown was dichotomized based on implementation of a lockdown

approximately 7 days prior to day 0, all “early-lockdown” counties were by definition

locked-down at day 0. In contrast, the late-lockdown counties did not achieve full

lockdown until approximately day 25. The lower panel shows the differences in slopes

between red and blue average trajectories over the first 50 days. However, after this

period, the two trajectories gradually became approximately parallel, indicating that

late-lockdown counties have more cumulative cases across the time range. Fig. 3.2

shows a heat map of the US according to the FPC score for each county. Since we

used the first FPC score as a surrogate variable for the overall severity of the pan-

demic, the darker colored regions represent a more severe outbreak of COVID-19.

Thus, counties in the western and eastern coastal states in general demonstrated sig-

nificantly higher case counts compared with those in the central states. The most

severely affected counties were found in New York, Arizona, Florida, and California.

3.2 The marginal effects of risk factors

We employed a simple linear regression to explore the unadjusted relationships be-

tween the cumulative case count trajectories and each potential risk factors. Ta-

ble 3.2 summarizes the results, which include regression coefficients, p-values, and

the R2 statistic. Among the 21 factors we investigated, all of them demonstrated a

significant coefficient (p-value < 0.05) for the first FPC score. The marginal R2 was

moderate for these factors, up to 0.34. The variable ‘Total Population’ (R2 = 0.339)

displayed the strongest association, which was followed by the variable, ‘Contact

Tracing’ (R2 = 0.212). The two most negatively correlated factors were ‘Median Age’

(R2 = 0.194) and ‘Proportion of Whites’ (R2 = 0.101).

3.3 The impact of implementing a lockdown

Fig. 3.3 shows the relationship between the first FPC scores and the timing of the

lockdown, which displays a strong non-linear relationship. To better characterize this

relationship, we used a segmented regression model. Compared with a linear regres-

sion model, segmented regression improved the fit of the model (i.e., R2 = 0.45 for

segmented regression vs. R2 = 0.20 for linear regression). The red lines in Fig. 3.3



9

show the segments of a fitted line, whose appearance was a “hockey stick” containing

an inflection point. Using time zero as the date on which a county reported at least

5 cumulative cases of COVID-19, we identified day -7.76 (i.e., approximately a week

before a county reported at least 5 cumulative cases of COVID-19) as the average

“inflection” point (the green vertical line in Fig. 3.3) in the segmented regression

model. We divided the counties into two groups based on whether or not a lockdown

was implemented before this inflection point, and compared the underlying demo-

graphic and lockdown features of these two groups (Table 3.1). Note that certain

NPIs were negative values because these policies were implemented at an early stage

in the pandemic (i.e., before the counties reported 5 or more cumulative cases). The

detailed results of the segmented regression model are shown in Table 3.2. Specifi-

cally, the two slopes corresponding to the two segments, ‘Lockdown Slope before the

Inflection Point ’ and ‘Lockdown Slope after the Inflection Point ’ were all positive,

corresponding to 0.05069, and 1.95820, respectively.

3.4 Joint modeling for all risk factors for COVID-

19

We found that certain risk factors were highly correlated with each other as shown in

Fig. A.1. As seen in regression models of marginal effects, most of the risk factors were

significantly associated with COVID-19 infection. To investigate their joint effects

after adjusting for other variables, we used an elastic net model to determine the

relationship of the first FPC scores with these predictors. The confidence intervals,

obtained from 1000 bootstraps, are shown in Fig. 3.4 and the mean value and the 95%

confidence interval of the model’s coefficients are shown in supplementary Table A.2.

We note that the elastic net models achieved a much better fit with an R2 of 0.62,

compared with the marginal regression results in which the maximal R2 was 0.34 for

the first FPC score.

We observed that 6 of 24 risk factors demonstrated statistical significance (i.e.,

their coefficients did not cover zero). For example, ‘Lockdown Slope after Inflection

point ’ and ‘Total Population’ were positively associated with the first FPC scores,

while ‘Median Age’ was negatively associated with the first FPC scores. Other posi-

tive risk factors included ‘Median Family Income’, ‘Gini Index ’, and ‘Proportion who

Moved within the Same County ’. Many other factors became statistically insignificant
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in the joint models.

In the elastic net models, the mean of ‘Lockdown Slope after Inflection Point ’ was

1.048 from 1000 bootstraps. This indicates that, after adjusting for other factors,

if a lockdown was implemented after the inflection point, there was an exponential

increase in the cumulative COVID-19 case counts in the community over the follow-up

time. Specifically, model (A.5) demonstrates that the changes in the daily cumulative

case count are a function of the first FPC scores and the first eigenfunction. For

each day of delay in implementing a lockdown after the inflection point, the daily

cumulative case count increased on average by 5.80% (range 2.36 to 7.03%). For

each week of delay in implementing a lockdown after the inflection point, the daily

cumulative case count increased on average by 48.36% (range 17.77 to 60.92%). The

timing of the lockdown at the county level explained 45% of the total variance (R2 of

segmented regression model) in the cumulative case counts of COVID-19 across the

communities.
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Table 3.1: Baseline characteristics of counties according to implementation of early
or late lockdown (defined as whether or not implementation date was before the
inflection point, i.e., 7 days before 5 total cases were reported in a county) in the
course of the pandemic.

County Characteristics Early Lockdown
(n=1349)

Late Lockdown
(n=1378)

Total Population (×103) 20.6±21 208±479
Population Density (number of people
per sq mile)

64.2±322 543±2660

Median Age (years) 42.9±5.51 39.9±4.71
Median Family Income ($× 103) 61.5±12.3 70.7±19.2
Gini Index 0.441±0.0378 0.453±0.0344
Proportion of Male (%) 50.7±2.76 49.5±1.83
Proportion of Whites (%) 87.4±14.4 77.1±17.4
Proportion of African Americans (%) 5.17±11 14.5±16.8
Proportion of Natives (%) 2.22±7.69 1.1±4.42
Proportion of Asians (%) 0.741±1.72 2.19±3.63
Proportion of Individuals who Used
Public Transport (%)

0.438±1.06 1.54±4.44

Proportion who Moved within the
Same County (%)

5.62±2.44 6.9±2.6

Proportion with Private Health
Insurance (%)

63±10 66.4±9.82

Proportion with Public Health
Insurance (%)

42.3±9.09 37.5±8.09

Debt/Contract Relief (days)* -60.3±45.4 -7.46±8.64
Public Information Campaigns (days)* -91.4±48.8 -33.3±22.1
Testing Policy (days)* -117±45.5 -65.2±7.42
Contact Tracing (days)* -117±45.5 -65.2±7.41
Facial Coverings (days)* 123±143 170±138
Vaccination Policy (days)* 211±45.5 264±9.55
Protection of Elderly People (days)* -4.44±135 43.6±112

P -values for all variables are smaller than 0.05 based on a Wilcoxon test for differences
between early lockdown and late lockdown. Data are shown as mean ± SD.
* days are calculated relative to day 0 (i.e. the date on which counties reported 5 or
more cumulative cases of COVID-19). A negative value would indicate that counties
implemented these non-pharmacologic intervention (NPI) several days prior to day
0; a positive value would indicate that NPIs were implemented after day 0.
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Table 3.2: The unadjusted relationship of the baseline characteristics of the counties
with the COVID-19 spread in these communities.

County Characteristics Association with the First FPC Score
Coefficient P -value R2

Lockdown Slope Before the
Inflection Point

0.05069* 2.43E-08*
0.448*

Lockdown Slope After the
Inflection Point

1.95820* <2E-16*

Total Population 3.87E-05 5.70E-282 0.33883
Contact Tracing 0.23167 2.53E-163 0.21197
Testing Policy 0.23163 2.60E-163 0.21195
Vaccination Policy 0.22893 3.65E-161 0.20944
Debt/Contract Relief 0.22428 6.07E-155 0.20214
Median Age -1.8156 2.29E-148 0.19434
Proportion of Asians 343.83 4.19E-143 0.18805
Public Information Campaigns 0.18513 4.24E-134 0.17716
Proportion who Moved within the
Same County

328.89 9.24E-116 0.15455

Proportion of Individuals who Used
Public Transport

253.39 7.88E-93 0.12541

Proportion of Whites -41.881 4.94E-74 0.10078
Median Family Income 4.17E-04 8.16E-70 0.095166
Population Density 0.0035699 1.27E-61 0.084159
Proportion with Public Health
Insurance

-64.053 2.38E-49 0.067428

Proportion of African Americans 35.071 6.27E-39 0.053
Gini Index 117.79 6.10E-28 0.037569
Proportion of Male -164.56 1.02E-22 0.030165
Protection of Elderly People 0.027229 9.03E-17 0.021685
Proportion with Private Health
Insurance

22.156 4.40E-09 0.010696

Facial Coverings 0.012778 1.94E-06 0.0069405
Proportion of Natives -16.217 0.0023103 0.002661

Variables are sorted by R2. The first FPC score is used as a surrogate for COVID-19
spread across the counties. (*Results from segmented regression model; the rest are
from linear regression models).
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Figure 3.4: The adjusted relationship between standardized characteristics of counties
and the first FPC scores, based on results of elastic net models. The effect of every
variable is adjusted to other factors listed in the figure. A positive coefficient denotes
variables that are positively related to the number of COVID cases. The dot indicates
the mean coefficients, and the bar represents the 95% confidence interval. Blue color
indicates the significant factors whose 95% confidence interval does not cover 0.
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Chapter 4

Discussion

Lockdowns are an effective way of reducing the reproduction number of COVID-

19 and controlling the spread of disease in local communities. However, there is

no consensus on when governments should take this action. Here, we found that

communities, which implemented the lockdown at or prior to the inflection point

(defined as 7 days before the date on which at least 5 cumulative cases were first

reported in the community) experienced a slower rise in COVID-19 rates over the first

50 days and a lower cumulative count consistently across all time points during follow-

up compared with counties that implemented lockdowns after the inflection point

(Fig. 3.1). In our models, the timing of the lockdown at the county level explained

nearly 50% of the total in COVID-19 case counts across US counties, highlighting

the importance of early lockdown implementation in controlling the pandemic at the

county level.

Our findings extend data from recent cross-sectional studies that have investigated

the relationship of COVID-19 spread in communities with their population charac-

teristics and lockdown measures. By examining the temporal patterns of COVID-19

transmission within and across the US, we demonstrated the relationship between the

timing of lockdown implementation and the trajectory of COVID-19, independent of

other characteristics, within and across US counties using FPC analysis for the first

time. We were able to convert the trajectory of COVID-19 spread for each county into

a (first) FPC score, which accounted for 93% of the total variance in the COVID-19

infection trajectories across the US counties. This enabled us to use the first FPC

score as a surrogate for infection case counts in these counties and model the relation-

ship of the longitudinal COVID-19 infection pattern with the timing of lockdowns,

and other risk factors including the use of NPIs, and demographic characteristics of
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US counties.

Based on an elastic net model of risk effects, we found that the most important

factors associated with a rapid spread of COVID-19 at a county level were the timing

of the lockdown, and certain characteristics of the counties. For example, counties

with a larger population experienced a more rapid rate of COVID-19 transmission

compared with smaller counties. The heat map (Fig. 3.2) reveals that the most

populous states, such as New York, California, and Florida, were most impacted by

COVID-19. At a city level, Los Angeles had the highest first FPC score, followed

by Chicago, Miami, and New York, which all have large populations. Interestingly,

counties with a higher median family income and a higher Gini Index (represent-

ing greater spread of income inequality) experienced a more rapid COVID-19 surge,

which aligns with the findings by Tan et al. [29] Although COVID-19 becomes more

severe among older adults, counties with a lower median age experienced more case

counts than older counties. These data are consistent with the observation that case

counts generally decrease with increasing age in adulthood [4]. Finally, we found that

increased mobility within counties is also associated with increased COVID-19 case

counts.

There are many definitions of lockdowns [10]. Here, we defined lockdown as the

day on which the local government issued a “stay-at-home” order. To evaluate the

robustness of our results, we performed several additional analyses using alternate

definitions of lockdown (e.g. the date of school closing, workplace closing, cancela-

tion of public events, restrictions on gatherings, etc.). However, the use of alternate

definitions did not materially change the primary results. In every case, the analysis

showed a non-linear “hockey-stick” relationship between the date of “lockdown” and

the cumulative rise in case counts across the US communities, as shown in Fig. A.11–

A.15. Importantly, we found that the definition based on the date of stay-at-home

order produced the fewest number of outliers amongst all definitions that were eval-

uated. Thus, we believe that our a priori decision to use the date of issuance of

a stay-at-home order was a reasonable choice for our primary analysis, yielding the

most robust data.

Note, Principal Component Analysis (PCA) is a popular dimension reduction

method. In this work, however, we used FPC analysis instead of PCA for the following

three reasons: (1) The model had to account for differential follow-up time across the

counties. This occurred because the date on which 5 cumulative cases were reported

for each county significantly differed. Differential follow-up time, however, led to an
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uneven matrix, preventing the use of PCA. (2) Because FPC analysis considers each

trajectory to be a smooth curve, this allows observations to borrow information from

their nearby points on the trajectory to improve the quality of results. (3) PCA is not

sensitive to the time-order of observations and, thus, not suitable for a “trajectory

over time”, which again made it unsuitable for our dataset. In contrast, FPC analysis

retains all the information of a time-order dataset, making it a preferred choice over

PCA.

In this work, we defined “day 0” as the “first instance of detecting more than 5

cases”. Our choice of 5 cumulative case counts was based on the fact that with a lower

threshold, the uncertainty (or the noise) of the measurement would be significantly

increased. On the other hand, we were concerned that a higher threshold cutoff (e.g.

100) may artificially bias the inflection point towards a higher number. For example,

if we had used 100-cases to define day 0, we would have discarded all the information

collected before 100 cases were reached. Although the choice of 5 was arbitrary, in

the literature, we found many incidences where statisticians have chosen 5 as their

“magic threshold”. To check for the robustness of the case definition, we repeated

our analysis using 3-case and 4-case definitions, and found similar results (available

upon request).

There were limitations to the study. First, as this was not a randomized controlled

trial, unmeasured confounders could have distorted the overall findings. To minimize

this possibility, we evaluated only counties in the US and adjusted for the most

important characteristics of these counties using well-curated databases. Second,

these data were generated in the US and may not apply to other countries around

the world, which may have different characteristics and attitudes and adherence to

public health policies such as masking and social distancing. Third, we could not

fully quantify the stringency of the stay-at-home orders, or the adherence rate of

the residents to the lockdown order across the counties. Fourth, in our analysis, we

considered the effects of the first lockdown order for each of the counties. It should

be noted, however, that some counties experienced multiple lockdowns during the

follow-up period, leading to an “on-and-off” effect. Future studies will be needed

to evaluate the effects of multiple lockdowns on communities. Finally, we could not

address problems related to the quality of data source such as unexplained bias and

unobserved errors in the raw data.

Notwithstanding these limitations, our findings have important public health im-

plications. Local state and municipal governments should issue an immediate lock-
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down order even when there are a few cases of COVID-19 in their communities (less

than 5); any significant delays in lockdown beyond this point are associated with

a rapid growth of COVID counts and a higher overall cumulative count trajectory,

which will make COVID-19 containment difficult for that community.
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Part II

An Adaptive Sample Pooling

Strategy for COVID-19 Diagnostic

Testing



22

Chapter 5

Introduction

A version of this work was submitted to the Journal of the American Statistical

Association in collaboration with Xuekui Zhang and Li Xing. Xiaolin Huang con-

tributed to data simulation, data processing, data analysis, application development,

preparing the first draft of the manuscript, and participating in revisions.

As of May 2022, COVID-19 has affected over 500 million people worldwide. Since

the end of 2019, the COVID-19 pandemic has seen multiple peaks in many countries

[26]. During each outbreak, more tests were needed to identify the rising number

of positive cases and prevent the further spread of the disease. However, as testing

resources are limited by factors such as workforce and logistics, testing facilities and

laboratories can only process a certain number of tests within a certain period of

time. Therefore, it is highly desirable to increase the efficiency of COVID-19 testing

by testing more samples using limited resources, which can provide timely results and

guidance for actions from the treatment of individual patients to nonpharmaceutical

interventions such as quarantines and lockdowns at a community level.

With the emergence of the Omicron variant, testing remains a critical component

in the COVID-19 pandemic control at the current stage. Omicron has a reproduction

number much higher than its predecessor Delta [17] and is responsible for the latest

and highest peak of confirmed cases in the United States [13]. In January 2022,

the Omicron outbreak overwhelmed Canada’s testing capacity [21]. Omicron also

caused the largest outbreak in China since the beginning of the pandemic, and the

government had to lockdown several areas of the country [35]. Although Omicron is

less likely to cause severe clinical symptoms in patients than the previous variants

[18], we still face the challenges of conducting a mass volume of tests. Such scale

is especially critical to monitoring the spread of the disease as we phase out various
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COVID-related restrictions. Furthermore, testing can provide early warning of new

outbreaks caused by new variants of COVID-19 that requires early intervention. In

another study, we found that the timing of intervention in early outbreaks is a crucial

factor affecting COVID-19 transmission patterns [12].

Pooled sample testing is a popular strategy to improve testing efficiency with

a long history dating back to the twentieth century. In 1943, Dorfman proposed

the method of combining multiple individual samples into a pool for testing. If the

pool is positive, every single sample in the pool will be retested [7]. This method,

called Dorfman Pooling, is popular in clinical settings [5]. In addition to Dorfman

Pooling, many other types of pooling strategies have been developed, such as binary

splitting, where a positive pool is recursively split into two equal-sized pools and

tested respectively [16]. As for pooling in viral testing, serum samples were pooled

for HIV antibody testing to reduce costs in the 1990s [28]. Another study proposed a

method that utilizes the geometry of a hypercube to reduce the number the tests. An

initial pooled test was used to estimate the prevalence, and the positive pools were

distributed into pools modeled by the slices of a hypercube to identify the positive

cases. The strategy was tested with oropharyngeal swab specimens in Rwanda and

showed that positive COVID cases could still be detected at a 100-fold dilution [19].

Pooling has been widely used during the COVID-19 pandemic. In Israel, over

130,000 samples were tested in 5 months using pooled testing, and a 76% reduction

in tests was achieved [2]. In Vietnam, more than 96,000 people were tested using

pooling in 14 days, saving 77% of the resources, totaling about 1.5 million USD [30].

In both studies, there was no significant compromise in sensitivity.

The main benefit of pooling is to reduce the total number of tests when a group

of samples is tested negative in one test. Pooling too many samples may include

positive cases and lead to positive diagnoses, which still require follow-up testing;

pooling too few samples does not fully utilize the benefit of reducing the number

of tests. Therefore, the pool size is a crucial factor in a pooling strategy. Many

different pool sizes have been used in recent studies. A six-sample pooled strategy

improved the testing capacity by around 100% in Kenya [1]. In Seattle, four-sample

pooling allowed a greater testing throughput as well as saving testing material [22].

In practice, pooling ten samples per test is the most popular choice in large-scale

testing. It was used for COVID screening at an airport in China with the potential

to reduce the need for contact tracing [14]. A Malaysian study demonstrated the

robustness of pooling ten samples when testing demand is high [15]. A study in Ohio
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also showed the feasibility of 10:1 pooling in a low-prevalence setting [23].

Although pooing ten samples per test is the most popular choice in practice for

large-cohort testing, the optimal pool size varies in different situations. Hence, pooling

with the optimal pool size instead of an empirically chosen one can help reduce

the expected number of tests. Dorfman established the concept of expected relative

cost, defined as the ratio between the expected number of tests required by Dorfman

Pooling to the number of tests required by individual testing. Dorfman calculated

the optimal pool sizes at different prevalences by minimizing the expected relative

cost [7]. In the Israeli study, the pool size was chosen between 5 (Dorfman’s optimal

pool size for prevalence at 5%) and 8 (Dorfman’s optimal pool size for prevalence at

2%) weekly depending on the previous week’s test results. The pool size was also

switched to five when the samples came from a subpopulation suspected to have a

high prevalence [2].

Intuitively, prevalence plays an important role in determining the optimal pool

size. With a higher population prevalence, it is more likely to include a positive sample

in the pool, and the pool size should be relatively small. The opposite can also be said

for low prevalence scenarios. However, it is difficult to determine the prevalence at

the beginning of the testing procedure as the value varies among subpopulations and

between different epidemic phases. Therefore, it is necessary to proactively update the

prevalence estimate when testing large numbers of samples. One of the limitations of

traditional Dorfman Pooling is that it uses a constant pool size for the whole cohort,

where the pool size might not be the most suitable as testing progresses. Another

limitation is that when a pool tests positive, Dorfman Pooling directly tests each

sample individually without further pooling to reduce the number of tests. Also,

Dorfman Pooling does not consider the cohort size when determining the pool size,

the relationship of which will be discussed in Chapter 7.

To address these limitations, we propose an adaptive sample pooling strategy

(ADSP) for conducting diagnostic testing. Specifically, to efficiently conduct COVID-

19 diagnostic testing for a large cohort, our novel algorithm dynamically updates

the prevalence estimate based on the previous test result (positive or negative) and

adaptively determines the optimal pool size of the subsequent test accordingly. Our

ADSP also recursively pools samples to reduce the number of tests further. With

simulation studies, we illustrate that our ADSP requires fewer tests than Dorfman

Pooling in many scenarios.
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Chapter 6

Methods

We propose an adaptive sample pooling strategy for large-cohort testing that dynam-

ically chooses the optimal pool size, given the current prevalence estimate and cohort

size, to reduce the total number of tests needed to test the cohort. We denote the size

of the cohort by n, and the prevalence of infections in this cohort by p ∈ (0, 1). At

any stage of testing this cohort, our ADSP only solves the optimal pool size for the

current test since the outcome of the current test is needed to update the information

and learn the optimal pool size for the next test.

6.1 Statistical models for learning the optimal adap-

tive pool size for the current test

We let V (k, n, p) denote the minimum expected number of tests required to test a

cohort of n samples with prevalence p if we pool k samples for the current test. We

model our dynamic pooling strategy as an optimization problem to solve the optimal

pool size k∗ for the current test, defined as

k∗ ≡ argmin
1≤k≤n

V (k, n, p). (6.1)

Hence, the minimum expected number of tests required to test this cohort is

Y (n, p) ≡ V (k∗, n, p). (6.2)

Following the solution of the optimization problem (6.1), we split the n samples
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into two groups. One group has k∗ samples that are pooled and tested with a single

test. The other group has the rest n−k∗ samples, which is considered a new cohort for

testing. The optimal pool size for the new cohort is solved from the same optimization

problem (6.1), except replacing n by n−k∗. Following the notation above, Y (n−k∗, p)

represents the minimum expected number of tests required by the new cohort.

Testing the pool of k∗ samples leads to two possible scenarios. When the pool

tests negative, we label each of the k∗ samples as negative. We used one test to

diagnose these k∗ samples, so the minimum expected number of tests required by the

original cohort is

Y (n, p) = 1 + Y (n− k∗, p) (6.3)

when the pool tests negative.

When the pool tests positive, we need to conduct follow-up tests on these k∗

samples with potentially further pooling. This cohort of k∗ samples is different from

the original cohort since we now have the extra information that positive samples exist

in this cohort. Therefore, we introduce new notations U and X as the counterparts

of V and Y defined above. For a cohort of n samples with prevalence p and the

information that positive samples exist, let U(k, n, p) denote the minimum expected

number of tests required to test the cohort if we pool k samples for the current test.

We define a similar optimization problem to solve for the optimal pool size k∗∗ in this

situation as

k∗∗ ≡ argmin
1≤k<n

U(k, n, p). (6.4)

and the minimum expected number of tests required for testing this cohort of n

samples with extra information is

X(n, p) ≡ U(k∗∗, n, p). (6.5)

Back to the scenario where the pool from the original cohort tests positive, we

used one test to learn that the k∗-sample pool contains positive samples. Thus the

minimum expected number of tests for the original cohort is

Y (n, p) = 1 +X(k∗, p) + Y (n− k∗, p). (6.6)

when the pool tests positive.

Equations (6.3) and (6.6) show that the optimization problem (6.1) can be solved
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using a recursive algorithm with regard to n. To combine these two scenarios and

derive the recursive formula, we need to calculate the probability of each scenario.

Let Q(p, k∗) denote the probability that a pool of k∗ samples with the prevalence p

is negative, i.e., all k∗ samples in the pool are negative. Since the probability that a

sample is negative equals 1− p, we derive

Q(p, k∗) = (1− p)k
∗
. (6.7)

Combining the two outcomes from the test on the k∗-sample pool, we calculate

the expected minimum number of tests as

Y (n, p) = Q(p, k∗)[1+Y (n−k∗, p)]+[1−Q(p, k∗)][1+X(k∗, p)+Y (n−k∗, p)]. (6.8)

To complete the recursive relationship, it remains to calculate X(k∗, p) in equation

(6.8). Similarly, letQTRUNC(n, p, k
∗∗) denote the probability that a pool of k∗∗ samples

is negative, i.e., all k∗∗ samples in the pool are negative, when pooling from a cohort

of size n with prevalence p, conditioned on the fact that positive samples exist in the

cohort. QTRUNC(n, p, k
∗∗) is given by

QTRUNC(n, p, k
∗∗) =

(1− p)k
∗∗
[1− (1− p)n−k∗∗ ]

1− (1− p)n
. (6.9)

where (1− p)k
∗∗

equals the probability that the pool is negative, and 1− (1− p)n−k∗∗

equals the probability that at least one of the unpooled samples is positive. Therefore,

the probability that the pool is negative and the unpooled samples have at least one

positive sample equals (1 − p)k
∗∗
[1 − (1 − p)n−k∗∗ ], which is then conditioned on the

probability that at least one sample in the cohort is positive which equals 1−(1−p)n.

When the pool tests positive, we do not know if the unpooled samples in the

cohort contain positive samples. So the minimum expected number of tests required

for the cohort is

X(n, p) = 1 +X(k∗∗, p) + Y (n− k∗∗, p). (6.10)

When the pool is negative, we know for sure that the unpooled samples contain

positive samples. So the minimum expected number of tests required for the cohort
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is

X(n, p) = 1 +X(n− k∗∗, p). (6.11)

Expected on these two scenarios, we can derive

X(n, p) = QTRUNC(n, p, k
∗∗)[1 +X(n− k∗∗, p)]

+ [1−QTRUNC(n, p, k
∗∗)][1 +X(k∗∗, p) + Y (n− k∗∗, p)].

(6.12)

In summary, equations (6.8) and (6.12) are used to recursively solve the optimiza-

tion problem which outputs the optimal pool size for the current test. And the base

cases of the recursive relationships are

X(0, p) = X(1, p) = Y (0, p) = 0;Y (1, p) = 1. (6.13)

6.2 Updating the prevalence estimate

The optimization problem (6.1) discussed above depends on the prevalence parameter

p, whose value needs to be updated based on the outcome of the previous test. Next,

we discuss how the strategy updates the prevalence estimate based on the outcome

of each pooled test.

We model the number of positive samples in a pool of size k as a random variable

M following a binomial distribution with a prevalence parameter p. p follows a beta

distribution with hyperparameters α and β. In particular, this is a beta-binomial

hierarchical model

M |p ∼ Binom(k, p), (6.14)

p ∼ Beta(α, β), (6.15)

where the posterior distribution of p has a closed-form solution

p|M ∼ Beta(α +M,β + k −M), (6.16)

which can be used to update the information about prevalence based on the observed

number of positive cases in the pool.

However, not every outcome from a pooled test provides enough information to
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determine the value of M . When we test a pool of size k, there are only two scenarios

where we can ascertain the value of M . First, if a pool tests negative, we know that

M = 0 and thus can update β ← β+ k. Second, since we can only identify a positive

sample when it is tested individually, we only update α← α+ 1 when an individual

tests positive, i.e., M = k = 1. These rules can be summarized by

α← α + 1, if M = k = 1, (6.17)

β ← β + k, if M = 0. (6.18)

Before testing a cohort, we initiate α and β depending on the prior knowledge

of the prevalence. In particular, we consider two cases. First, when there is weak

evidence that p = p∗, we want to have small α and β that assure E[p] = p∗ in order

to retain the prior information and allow fast updates of the parameters when testing

begins. Therefore, we fix α = 1 and calculate β such that E[p] = p∗, i.e.,

α = 1, β =
1− p∗

p∗
. (6.19)

Second, when there is strong evidence that p = p∗∗ learned from N diagnostic

samples, one can initialize α and β by

α = Np∗∗, β = N(1− p∗∗), (6.20)

or just simply assign the number of identified positive samples from the N samples

to α and the number of identified negative samples to β, since α and β are the

pseudocounts of the positive and negative samples, respectively.

Finally, since our models require a specific value of p, we use the expected value

as the value of p throughout the strategy, which is calculated as

E[Beta(α, β)] =
α

α + β
. (6.21)

6.3 Test procedure of the adaptive sample pooling

strategy

Next, we introduce how our ADSP tests the whole cohort based on the statistical

models discussed above. The entire test procedure consists of three processes that
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recursively call each other, which are illustrated in Fig. 6.1.

Given a test cohort of n samples, we first initiate α and β using the abovemen-

tioned rules. We start the test procedure with Process A, splitting the cohort into

two groups. One group is the pool to be tested, whose optimal size is calculated by

the optimization problem (6.1). If the test outcome is positive, this pooled group will

be further tested using Process B. The other group consists of the remaining sam-

ples not included in the pool, which will be used as the input for a new Process A.

Process B is similar to Process A except for three major differences. First, the input

test cohort of Process B is known to contain at least one positive sample. Second,

Process B solves the optimization problem (6.4) to find the optimal pool size. Third,

the unpooled samples of Process B can be further tested using either Process A or

Process B, depending on the test outcome of the pooled group. Finally, when the

cohort size is one, it is tested using Process C.

Note that at the end of each process, we update the value of the hyperparameters

α and β if possible, which leads to the update of the prevalence parameter p to

determine the optimal pool size for the next test.

6.4 Implementation of the adaptive sample pool-

ing strategy

Before each test, our strategy needs to retrieve the optimal pool size by solving the

optimization problem (6.1) or (6.4). With dynamic programming, we can reduce the

time complexity of these problems to O(n2) where n is the cohort size, which can still

take several minutes when n is large. When developing our software implementation

of this strategy, we included two features to shorten the time for the user to obtain

the optimal pool size. First, we precalculated the optimal pool sizes for a set of

predefined values of n and p and saved the results in a table. Our software queries

the table to instantly retrieve the optimal pool size for the values of n and p desired.

Second, in practice, the optimal pool size for a specific p becomes stable when n is

large. Therefore, we only calculated the optimal pool size with increasing n until

the optimal pool size became stable. In general, smaller p requires larger n for the

optimal pool size to become stable. For n past stability, we used the stable pool size

to approximate the optimal pool size.

In particular, we precalculated the optimal pool sizes for prevalence from 0.0001
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to 0.5 with a resolution of 0.0001. For each p, we calculated the optimal pool size

iteratively with increasing n. We considered stability reached when a pool size was

optimal for 900 of the last 1000 values of n. For the same combination of n and p, the

optimization problem (6.1) can have multiple k that minimize V (k, n, p). The same

can be said for the optimization problem (6.4). Before stability, if multiple pool sizes

were equally optimal, we chose the largest one. If multiple pool sizes fulfilled our

stability criteria, we also chose the largest one as the stable pool size. If the pool size

was still not stable when n = 2000, we stopped the process and used the pool size

that appeared most frequently in the last 1000 values of n. We chose the largest size

if there was a tie. With these implementations, our software provides instant queries

for the optimal pool size without latency.
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Chapter 7

Results

We illustrate the performance of our ADSP with simulation studies. In particular,

we show that our ADSP outperforms two other pooling strategies, (1) Dorfman Pool-

ing using the optimal pool size derived by Dorfman (Dorfman-Optimal) [7], and (2)

Dorfman Pooling with an empirically decided fixed group size of 10 (Dorfman-10).

We also illustrate the change in the prevalence estimate throughout the testing of a

cohort using ADSP, as well as the fact that the optimal pool size learned from ADSP

becomes stable when the cohort size is large.

In the simulation studies, we used cohorts of size 1000 since large cohort sizes have

little impact on the optimal adaptive pool sizes. We generated cohorts with various

prevalence ranging from 0.01 to 0.5 with steps of 0.01, which leads to different numbers

of positive samples between cohorts. For each prevalence, we randomly generated 100

test cohorts. The number of positive cases was the expectation of a binomial random

variable based on each particular prevalence. Each cohort was represented by a

vector consisting of 1’s and 0’s, corresponding to the positive and negative samples,

respectively. Samples were tested in order from the beginning to the end of each

vector, either in pools or individually. Before the test procedure, we shuffled each

vector so that the positions of the positive samples in each cohort were random.

Fig. 7.1 shows the number of tests required by the three pooling strategies when

the initial prevalence estimate equals the true value. The dotted lines show the mean

number of tests from the 100 cohorts for each prevalence. The shades represent the

confidence intervals of two standard deviations from the mean. Note that Dorfman-
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Optimal uses the pool size which minimizes the expected relative cost defined by

k + 1

k
− (1− p)k, (7.1)

where k is the pool size. (7.1) is greater than 1, ∀k ∈ Z+ when p ≥ 0.31, suggesting

that individual testing is better than Dorfman Pooling [7]. Therefore, when p ≥ 0.31,

we performed individual testing for Dorfman-Optimal to align with Dorfman’s goal

to minimize the expected relative cost.

The confidence intervals show that ADSP (the red shade) uses fewer tests than

Dorfman-10 (the green shade) across all prevalence simulated, and uses fewer tests

than Dorfman-Optimal (the blue shade) when prevalence is low. T-tests confirmed

our observation that ADSP uses significantly fewer tests than Dorfman-10 across

all prevalence tested, and also significantly fewer tests than Dorfman-Optimal when

p ≤ 0.37. When p > 0.37, our ADSP is worse than Dorfman-Optimal, which has

shifted to individual testing. Therefore, 0.37 can be an upper limit on the prevalence

for ADSP to be suitable.

Except for Dorfman-10, all pooling strategies require prevalence as input. How-

ever, it is impossible to have a perfectly accurate prevalence estimate before testing

in real life. Therefore, we conducted sensitivity analyses on the initial prevalence

estimate. To evaluate our strategy in both scenarios where the prevalence is correctly

and incorrectly estimated, we considered four different misspecifications on the initial

prevalence estimate. In particular, we offset the true prevalence by 50%, 20%, −20%,

and −50% and used the value as the initial prevalence estimate. With each initial

prevalence estimate, our ADSP initialized the hyperparameters α and β using the

equation (6.19). We always compared ADSP with Dorfman-Optimal on the same

initial prevalence estimate to ensure fairness.

Both ADSP and Dorfman-Optimal use pool sizes designed to minimize the number

of tests required for a particular prevalence. Therefore, we expect both methods to

use more tests when the initial prevalence estimate is misspecified. We let δADSP and

δDO denote the increase in the number of tests from using a misspecified instead of

an accurate initial prevalence estimate in ADSP and Dorfman-Optimal, respectively.

δADSP and δDO indicate how heavily the performance of these methods is negatively

affected by the misspecification in prevalence. We are interested in ∆ ≡ δADSP −δDO,

the difference between the effect of misspecification on these two methods. A negative

∆ suggests that ADSP is more resilient to misspecification.
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Fig. 7.2 shows the boxplots of ∆ across different true prevalence and misspecifi-

cation. The initial prevalence input is different for different misspecifications under

the same true prevalence. Under each misspecification, Dorfman-Optimal shifts to

individual testing either too early or too late, causing a huge gap in each panel except

the bottom one, where Dorfman-Optimal never shifts to individual testing within the

range of the prevalence simulated. We tested if ∆ is different from zero using t-tests at

the significance level of 0.05. Cyan boxes indicate ∆ is significantly less than zero, and

vice versa for the red boxes. There are many more cyan boxes than red boxes, which

indicates that ADSP is more resilient to misspecification than Dorfman-Optimal in

more scenarios. Also, with either sign, the misspecification with a magnitude of

50% has more cyan boxes than the misspecification with a magnitude of 20%, which

indicates that the difference in resilience is even larger with larger misspecifications.

Fig. 7.3 illustrates the changes in the prevalence estimate in the process of testing a

cohort using ADSP with a 20% misspecification on the initial prevalence estimate from

the true prevalence. The black lines show the mean prevalence of the 100 simulations

of each true prevalence, and the shades are the pointwise 95% confidence intervals

of the prevalence estimate. In all scenarios tested, the prevalence estimate converges

to the true prevalence as the test procedure progresses. The mean estimate becomes

relatively stable after around 50 tests. The confidence intervals converge slower for

higher prevalences, which is expected because our strategy produces smaller pools for

higher prevalences. Since β increases each time by the pool size, it increases more

slowly with small pools.

In Chapter 6, we discussed that the optimal pool size becomes stable when the

cohort size increases. Fig. 7.4 shows the optimal pool sizes solved from the optimiza-

tion problem (6.1) across different cohort sizes when the prevalence equals 0.1. A

violin plot is shown for each size that appears at least twice. 8 is the most frequent

optimal pool size and the stable pool size. Note that when a pool size other than 8

is optimal, there are usually multiple equally optimal pool sizes, with 8 being one of

them. The fluctuation in the optimal pool size when n is large can be explained by

the tail behavior caused by the optimal pool sizes for small cohorts. First, when n is

smaller than the stable pool size, ADSP cannot pool with the stable pool size. Sec-

ond, the optimization problems that ADSP solves can output solutions different from

the stable pool size for small cohorts. For example, when p = 0.1 and n = 10, ADSP

suggests pooling with size 5 instead of the stable pool size 8 because 5 minimizes the

expected number of tests in this particular case. The variance in the optimal pool
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size caused by this kind of behavior will be propagated into the optimal pool size for

large cohorts because we calculated the optimal pool sizes with increasing n, causing

the optimal pool size to fluctuate even when n is large.

Fig. 7.5 shows a screenshot of the dashboard application that we developed to

guide users through ADSP. To start with, one inputs the cohort size and the prior

information on the prevalence on the left panel. One can either input an initial

prevalence estimate or the numbers of identified positive and negative cases. The main

panel displays the pooling instruction, the progress bar, the groups that remained to

be tested, and the testing history. One can see the result of each sample on the right

panel. When testing is finished, one can also download the testing result by switching

to the table view on the right panel.
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Chapter 8

Discussion

We have proposed an adaptive sample pooling strategy that updates the prevalence

estimate after each test if possible, and uses the updated information to decide the

pool size for the subsequent test. The simulation studies show that our ADSP uses

fewer tests than Dorfman Pooling in many scenarios. We recommend using ADSP

when the prevalence is lower than 0.38, and individual testing otherwise.

While other methods use a “single” prevalence value to determine the pooling

scheme of the entire cohort, one crucial component of our strategy is the mechanism

to dynamically update the prevalence estimate between tests, which allows inaccu-

rate initial prevalence inputs without heavily affecting the method’s performance.

This mechanism has the potential to be incorporated into other pooling methods to

improve their performance. For example, if the hypercube method tests a cohort

in batches, our mechanism can be used to update the prevalence estimate between

batches [19].

There are limitations to our strategy. For example, when the pool size is too

big, positive samples can be diluted to the extent that their viral load cannot be

detected. One can address this issue by setting a maximum pool size depending

on the sensitivity of the particular test method. This feature is available in our

dashboard.

Although this work is motivated by COVID-19 testing, our ADSP can also be

applied in other diagnostic testing tasks. Our strategy has the potential to save

testing resources (e.g., medical devices, workforce, and time) as fewer tests are needed

to diagnose a cohort. With our dashboard application and R package, clinicians can

implement ADSP in their diagnostic testing with ease.
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Appendix A

Supplementary Document: The

Impact of Lockdown Timing on

COVID-19 Transmission across US

Counties

A.1 Modeling lockdown effect using segmented re-

gression

Figure 3.3 shows that the observed relationship between the first FPC scores and

the timing of lockdowns was non-linear: its appearance was that of a “hockey stick”

with an inflection point indicating a significant change in its slope. Thus, we used

segmented regression to model this relationship and to ascertain the inflection point

for the lockdown variable. We defined Ti as the difference in days between the date

on which the county experienced at least five cumulative cases of COVID-19 and the

date on which the county first initiated a lockdown. We denote β as the inflection

point, which is an unknown model parameter requiring estimation. We derived the

following three new variables from the lockdown information:

Xi1 = 1[Lockdown]

Xi2 = Xi1 · Ti

Xi3 = Xi1 · (Ti − β) · 1[Ti ≥ β]
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and defined the segmented model as:

ξi1 = α0 + α1Xi1 + α2Xi2 + α3Xi3 (A.1)

where Xi1 (Lockdown Indicator) indicates whether a lockdown was implemented for

the ith county, which enabled the model to incorporate data from counties without a

lockdown. Xi2 (Lockdown Time) was the same as the lockdown time Ti if lockdown

was implemented by the ith county; otherwise, it was assigned a value of 0. Xi3

(Lockdown Time after Inflection Point) indicates the date of the lockdown of the ith

county relative to the inflection point. The model (A.1) is equivalent to three models

under different conditions as below:

1. When a lockdown was not implemented in a county, i.e., Xi1 = 0, model (A.1)

simplified into a constant ξi1 = α0 where the first FPC score is modeled as a

constant that is not related to the lockdown timing.

2. When a lockdown was implemented in a county before the inflection point, time

β, i.e., Xi1 = 1 and Ti < β, then model (A.1) simplified into a linear model of

Ti

ξi1 = (α0 + α1) + α2Ti (A.2)

3. When a lockdown was implemented in a county after the inflection point, time

β, i.e., Xi1 = 1 and Ti > β, then the model (A.1) simplified into another linear

model of Ti with a different slope and intercept

ξi1 = (α0 + α1 − α3β) + (α2 + α3) · Ti (A.3)

Note that when a lockdown was implemented exactly at the inflection point in

a county, i.e., Xi1 = 1 and Ti = β, then models (A.2) and (A.3) become the same

model, which ensures that the different slopes in the segmented regression models are

well connected at the inflection point. Based on these models, the coefficients can

be explained by the following: a2 (lockdown slope before inflection point) denotes

the effect of the lockdown timing when implemented before the inflection point, and

a2+a3 (lockdown slope after the inflection point) represents the effect of the lockdown

timing when implemented after the inflection point. The values of model parameters

(a0, a1, a2, a3, β) can be estimated using a profile likelihood approach.
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A.2 Interpretation of the first FPC scores

The result of a Functional Principal Component (FPC) Analysis on the trajectories of

COVID-19 spread across 3,112 US counties shows that the first FPC explained a vast

majority of the total variance (about 92.86%). Hence, we approximated the original

case trajectory of the ith county using the first FPC, and model (2.1) becomes

log(Qi(t)) ≈ µ(t) + ξi1ϕ1(t) (A.4)

Note that the functions µ(t) and ϕ1(t) do not depend on the county index i. So,

we represented the COVID-19 case trajectory in the ith county, Qi(t), with a single

score ξi1, i.e., the first FPC score is a surrogate variable for the trajectory of each

county. Based on model (2.1) and the shape of the first eigenfunction, ϕ1(t), we

interpret the first FPC score as two concepts more friendly to the our readers: the

weighted average of COVID-19 case counts and the weighted changes in the rate of

COVID counts over time (on an exponential scale), with weights based on the first

eigenfunction. Or more generally, we can use the first FPC score to describe the

overall severity of the pandemic for the ith county.

When we approximate the original case trajectory of the ith county using the first

FPC, model (2.1) can be rewritten as ξi1 ≈ log(Qi(t))/ϕ1(t)− µ(t)/ϕ1(t). Since this

score does not vary with time, we interpret the first FPC score, ξi1, as the weighted

average of all log case counts on the ith trajectory, log(Qi(t)), with time-related

weights 1/ϕ1(t). Since the day-1 of all of these trajectories are consistently defined

as the first day with at least 5 cumulative cases, all trajectories have roughly the

same starting points. So, weighted average case counts are tantamount to weighted

changes in the rate of COVID counts over time (on an exponential scale).

Specifically, Figure A.10 shows that the first eigenfunction is always positive for

the time range that was evaluated. Thus, a higher first FPC score ξi1 associates with

a higher case count across the time range. Note that the values of ϕ1() changes across

time, which means that the contribution of ϕ1() to the case counts varies with time.

Hence, we call it as a “weighted” average.

In short, since the first FPC score, ξi1, represents the strength of this pattern in

the ith county, a county with a higher first FPC score will have more cumulative cases

on any given day, compared to another county with a lower first FPC score.
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A.3 Interpretation of fitted Elastic net models

We used two-step modelling, which consisted of 1) unsupervised machine learning

(FPC analysis) for dimensional reduction and derivation of surrogate variables (FPC

scores), and 2) supervised machine learning (elastic net) to determine the association

between risk factors and the FPC scores. When m = 1, and by combining these two

models, we obtain:

log(Qij) = µ(tj)+ (α0 +α1Xi1 +α2Xi2 +α3Xi3 +α4Xi4 + · · ·+αpXip) ·ϕ1(tj) (A.5)

A two-step relationship can be built from this:

1. For the nth predictor Xin in model (A.5), if its value increases by S, after

adjustment of all other variables, the first FPC score increases by αnS.

2. An increase of the first FPC score by αnS will then lead to COVID-19 cumula-

tive case count, Q, in model (2.1), multiplied by exp(αnSϕ1(tj)) on the jth day

after the county reports at least 5 cumulative cases.

In brief, when a risk factor Xin increases by S, the daily cumulative case count of

the jth day is multiplied by exp(αnSϕ1(tj)).
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Table A.1: Definition of variables from the American Community Survey and the
Oxford Covid-19 Government Response Tracker

Variable Definition
lockdown Days between the date on which the county experienced at

least five cumulative cases of COVID-19 and the date on
which the county first initiated a lockdown

Variables below are from the American Community Survey 5-Year
Data (2019)
Socioeconomics
med income Median family income in the past 12 months
gini Gini index of income inequality
Demographics
pop Total population
pop density Total population divided by land area
male Male population divided by the total population
Health Insurance
private ins Proportion of the population with private health insurance
public ins Proportion of the population with public health insurance
Household Composition
median age Median age of the population
Ethnicity
whites Proportion of Whites in the total population
african americans Proportion of African Americans in the total population
natives Proportion of American Indians and Alaska natives in the

total population
asians Proportion of Asians in the total population
Geographical Mobility and Mode of Transportation
public trans Proportion of workers going to work by public transports
same county Proportion of people who moved within same county in the

past year
Variables below are from the Oxford Covid-19 Government
Response Tracker
Calculated as the days from the date on which the county experienced at least
five cumulative cases of COVID-19 to the date of the initiation of the policy
Debt/Contract
Relief

Relief for certain type and/or all types of contract

Public
Information
Campaigns

Public information or coordinated public campaign on
COVID-19

Testing Policy Accessibility of testing for people with symptom or everyone
Contact Tracing Contact tracing after certain or all confirmed cases
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Facial Coverings Facial coverings are required in specific spaces or all the time
outside home

Vaccination
Policy

Availability of vaccine of particular/all groups of people

Protection of
Elderly People

Isolation and hygiene requirements for the elders in long
term care facilities and/or at home

Table A.2: Mean and 95% Confidence Interval of Elastic Net Coefficients (original
scale)

Variable Low Mean High
Lockdown Indicator -3.48 -1.11 1.25
Lockdown Slope before Inflection Point -0.0523 -0.0143 0.0238
Lockdown Slope after Inflection Point 0.865 1.05 1.23
Total Population 3.90E-06 1.63E-05 2.87E-05
Population Density -0.00183 4.50E-06 0.00184
Median Age -1.07 -0.855 -0.638
Median Family Income 7.30E-05 1.55E-04 2.38E-04
Gini Index 0.233 16.9 33.6
Proportion of Male -41.2 -16.7 7.75
Proportion of Whites -16.8 -3.06 10.6
Proportion of African Americans -9 4.29 17.6
Proportion of Natives -26.4 -10.1 6.26
Proportion of Asians -27.4 16.9 61.1
Proportion of Individuals who Used Public
Transport

-34.7 26.9 88.5

Proportion who Moved within the Same County 79 104 130
Proportion with Private Health Insurance -16.6 -2.52 11.6
Proportion with Public Health Insurance -6.31 12.7 31.6
Debt/Contract Relief -0.0473 0.0859 0.219
Public Information Campaigns -0.0329 -0.00848 0.016
Testing Policy -0.123 -0.0304 0.0623
Contact Tracing -0.0285 -0.00566 0.0172
Facial Coverings -0.00234 0.00263 0.00759
Vaccination Policy -0.095 -6.52E-04 0.0937
Protection of Elderly People -0.00548 -0.0011 0.00327
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Table A.3: 10 Counties with the Highest First FPC Scores

Location First FPC Score
Los Angeles, California, US 94.979
Cook, Illinois, US 90.646
Miami-Dade, Florida, US 89.251
Queens, New York, US 86.226
Maricopa, Arizona, US 86.111
Kings, New York, US 83.867
Bronx, New York, US 79.431
Harris, Texas, US 78.206
Suffolk, New York, US 78.074
Nassau, New York, US 76.759

Table A.4: 10 Counties with the Lowest First FPC Scores

Location First FPC Score
Haines, Alaska, US -58.666
Sioux, Nebraska, US -56.959
Wrangell, Alaska, US -54.266
McPherson, Nebraska, US -53.248
Forest, Pennsylvania, US -52.422
Hamilton, New York, US -52.364
Woodson, Kansas, US -52.252
Kenedy, Texas, US -52.008
Cheyenne, Colorado, US -51.853
Petersburg, Alaska, US -51.259
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Figure A.1: Heatmap of Pearson Correlation between variables
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Figure A.2: Plots of the first FPC scores versus lockdown timing and the factors from
ACS: total population, population density, median age, median family income, and
Gini index. The blue dots show the values of all the US counties studied. The red
lines display the fitted linear regression lines.
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Figure A.3: Plots of the first FPC scores versus the factors from ACS: proportion of
male, proportion of Whites, proportion of African Americans, proportion of Natives,
proportion of Asians, and proportion of individuals who used public transport. The
blue dots show the values of all the US counties studied. The red lines display the
fitted linear regression lines.
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Figure A.4: Plots of the first FPC scores versus the factors from ACS: proportion who
moved within same county, proportion with private health insurance, and proportion
with public health insurance. The blue dots show the values of all the US counties
studied. The red lines display the fitted linear regression lines.
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Figure A.5: Heatmap of Total Population, Population Density, and Median Age
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Figure A.6: Heatmap of Median Family Income, Gini Index, and Proportion of Male
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Figure A.7: Heatmap of Proportion of Whites, Proportion of African Americans, and
Proportion of Natives
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Figure A.8: Heatmap of Proportion of Asians, Proportion of Individuals who Used
Public Transport, and Proportion who Moved within the Same County
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Figure A.9: Heatmap of Proportion with Private Health Insurance and Proportion
with Public Health Insurance
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Figure A.11: Segmented Regression of the first FPC score vs the timing of Cancel
Public Events
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Figure A.12: Segmented Regression of the first FPC score vs the timing of Restrictions
on Gatherings
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Figure A.13: Segmented Regression of the first FPC score vs the timing of Restrictions
on Internal Movement
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Figure A.14: Segmented Regression of the first FPC score vs the timing of School
Closing
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Figure A.15: Segmented Regression of the first FPC score vs the timing of Workplace
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