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ABSTRACT

Background: There was an overwhelming demand for data to respond to
economic and health emergencies during the COVID-19 pandemic. This
forced the remote modes of data collection such as mobile and web
surveys to come to the forefront, which was not the case before in many
low and middle-income countries, including India. The primary concerns
with remote mode surveys are undercoverage of target population and
self-selection of the survey respondents resulting in biased estimates.

Methods: Using unit level data from COVID-19 Trends and Impact Survey
(CTIS) from India, the largest public health web survey, we examine the
bias in the estimates of vaccine uptake, a population measure which
changes rapidly with time, particularly right after its roll out in India on 16
January 2021. In the absence of independently verified ‘ground truth’ or
‘gold standard’ for assessing bias in surveys, we discuss the need for
statistical representativeness of web surveys and methods of achieving it.

Results: Bias in CTIS estimates of vaccine uptake is not constant over
time, rather it increases up to a certain point of time and then decreases.
Our findings are explained by the fact that the variability in the outcome
of interest in the population first increases with time and then goes
downward after more than 50% of the population are vaccinated. The
validation of CTIS vaccine uptake estimates was possible as it is one of
the rare situations where reliable gold standard measures were available.
For another key indicator from CTIS, COVID-like illness (CLI) constructed
based on self-reporting of symptoms, it is not trivial to assess the bias in

the outcome as the quality of the gold standard is questionable.

Conclusion: Since absence of independently verified ‘ground truth’ or
‘gold standard’ for assessing bias in surveys is well acknowledged, it is
crucial to validate statistical representativeness of web surveys with
respect to key demographic characteristics of respondents which are

often correlated with many outcome variables.
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Introduction

Face-to-face surveys as a method of data collection
were commonplace prior to the COVID-19 crisis,
particularly in developing countries. However, fear
of contracting infection and non-pharmaceutical
interventions such as physical distancing and
mobility restrictions to contain the spread of infection
made it infeasible to continue data collection with
this mode during the pandemic. At the same time,
there was an overwhelming demand for data to
respond to economic and health emergencies, this
forced the remote modes of data collection such as
mobile and web surveys to come to the forefront.

The primary concerns with remote mode surveys
are undercoverage of target population and self-
selection of the survey respondents resulting in
biased estimates'. Large sample sizes, in such
surveys, may not protect against bias, rather can
make the estimates even more biased as was shown
by Bradley et al. (2021)". Surveys having large samples,
by definition, lead to precise estimates due to
smaller sampling errors; however, that does not
mean it would generate accurate estimates in the
sense of being closer to the true population quantity.
On the other hand, if large surveys result in inaccurate
or biased estimates due to undercoverage of target
population and self-selection of respondents, then
being precise can even be more detrimental as
they produce confidence intervals with incorrect
centres and substantially underestimated widths”.
COVID-19
estimates from three different surveys in the United

Using the vaccination coverage
States, Bradley et al. demonstrated that two of the
three surveys with large sample sizes significantly
overestimated the vaccine uptake when compared
with the US Centers for Disease Control and
Prevention (CDC) benchmark figures while the
other survey having smaller sample size estimated

vaccine uptake quite accurately.

One of the two large surveys used in Bradley et al.
paper is COVID-19 Trends and Impact Survey
(CTIS). CTIS was conducted by Carnegie Mellon
University in the United States and University of
Maryland (UMD) in other parts of the world using

Facebook active user base aged 18 years and
above as the sampling frame>®. CTIS is the largest
public health survey till date being conducted daily
in the form of web survey during April, 2020- June,
2022 in more than 200 countries or territories
globally’. The survey estimates were used widely in
research and to formulate public health policy®'2.

Using data from COVID-19 Trends and Impact
Survey (CTIS) from India, we examine the bias in
the estimates of vaccine uptake, a population
measure which changes rapidly with time. Our
findings show that the bias in CTIS estimates of
vaccine uptake is not constant over time, rather it
increases up to a certain point of time and then
decreases. In other words, the CTIS estimates of
vaccination coverage and the true population
measures converge with time, a finding that
contradicts the results in Bradley et al. paper which
found that the bias has increased over time. Our
findings are explained by the fact that the
variability in the outcome of interest in the
population (‘inherent problem difficulty’ in Bradley
et al.’s terminology) first increases with time and
then goes downward after more than 50% of the
population are vaccinated. The validation of CTIS
vaccine uptake estimates was possible as it is one
of the rare situations where reliable gold standard
was available to compare survey data due to the
mandate of self or on-site registration for COVID-
19 vaccination. For another key indicator from
CTIS, COVID-like illness (CLI) constructed based on
self-reporting of symptoms, it is not trivial to assess
the bias in the outcome as the quality of the gold
standard is questionable. Since the absence of
independently verified ‘ground truth’ or ‘gold
standard’ for assessing bias in surveys is well
acknowledged", we discuss the need for statistical
representativeness of web surveys with respect to
key demographic characteristics of respondents

which are often related to many outcome variables.
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Methods

THE COVID-19 TRENDS AND IMPACT SURVEY: A
UNIQUE DATA SOURCE IN CHALLENGING TIMES
In the COVID-19 Trends and Impact Survey (CTIS),
on a daily basis, randomly selected Facebook (FB)
users around the world were invited to self-report
Covid-19-related symptoms, experience with
Covid-19 tests, contacts with others, mental health
and economic security, disruptions in routine
health services, vaccination status, vaccine hesitancy,
and other related topics. The survey was designed
to provide valuable information to help monitor
and forecast how Covid-19 may be spreading.

The CTIS data present a unique opportunity to
explore the spatio-temporal variation in COVID-19
related indicators in India, particularly at a time
when large-scale data collection was challenging.
India has traditionally relied on in-person data
collection for household surveys; in the absence of
reliable sampling frameworks, web surveys have
generally been on the sideline™™. CTIS India
leverages Facebook’s active user base (FAUB) of
over 300 million users' as the sampling frame,
which gives it a unique advantage. However, since
the FAUB may not be representative of the general
population at the state and national levels, the
dataset includes a survey weight for each respondent
so that any weighted analysis based on the CTIS
sample can be used for drawing inference at the
level of the target population®. The survey was
launched on 23 April 2020 in India and continued

for more than two years without interruption.

SURVEY DESIGN AND WEIGHTS

CTIS India employed a repeated cross section
design to draw new random samples of users daily.
In some instances, there were repetitions of survey
requests to the same users (particularly in small
states in India), but that was treated as a new
crosssectional sample, as opposed to a panel
sample. For representativeness at the national
level, stratified random sampling design was
considered (strata being the states) for selecting

the daily samples for India.

To account for the potential biases in survey estimates
due to survey nonresponse and exclusion of non-
Facebook users from the sampling frame, FB used
a two-step weighting procedure. The objective of
constructing weights was to provide a weight per
survey respondent so that respondents of CTIS
better represent the target population of all adults
in India®. First, non-response bias was minimized by
using Inverse Propensity Score Weighting (IPSW)
method". Data from sampled individual’s Facebook
user profile were fed into the response propensity
model to make the respondents more representative
of FB users. This exercise was carried out without
compromising the privacy of the of the users who
participated in the survey, Facebook does not
share user’s profile data with the academic partners
of the study, and in turn, the latter do not share
individual survey responses with Facebook. Secondly,
the coverage bias was minimized by adopting
poststratification adjustment of weights'®'"? with
step 1 weights as inputs with the objective of
generalizing from FB users to the target population
of all adults in India. Poststrata were defined based
on age (4 categories: 18-24, 25-44,45-64, 65+) and
gender (2 categories) within each state.

OUTCOMES

Vaccination uptake

Although the original objective of CTIS was to
provide valuable information to help monitor and
forecast how COVID-19 may be spreading at the
early stage of the pandemic, the later versions of
CTIS, starting 21 December 2020, include
questions on vaccination. The CTIS questionnaire
includes two questions on vaccination that can be
used for estimating vaccination coverage. Firstly,
all respondents were asked whether they have
received COVID-19 vaccination with yes, no and
don’t know as response choices. Bradley et al. used
the responses to this question to estimate the
vaccine uptake of at least one dose for CTIS-US. If
answered ‘'yes’ to the first question, respondents
were asked about the number of doses they have
received with 1 dose, 2 doses and don’t know as

response choices. Based on these two variables,
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we have calculated survey weighted daily
estimates of vaccine uptake of at least one dose
and two doses of vaccination during the time
period 16 January to 31 December 2021.

COVID-like illness

Since experiencing symptoms is often a precursor
to getting more seriously ill or going to the
hospital, the original rationale of CTIS was to help
produce a weekly forecast of the hospitalization
rates, as well as an early indicator of where the
outbreak is growing and where the curve is being
successfully flattened. Several studies on symptom
tracking and forecasting COVID cases have emerged

using CTIS data'"? and similar symptom surveys'*?".

In order to track the COVID symptoms, the CTIS
asked respondents questions on various symptoms
and if they have experienced any of them in the 24
hours prior to taking the survey. The University of
Maryland Social Data Science Center constructed
an indicator named COVID-like Illness (CLI) based
on the positive responses to 3 of these symptoms
namely fever, cough, and difficulty breathing and
provided daily estimates of CLI on public domain.

Measuring bias in vaccine uptake estimates

To examine the bias in the CTIS estimates for India,
we have compared the CTIS estimates with publicly
available information in COVID-19 administrative
data. While the data on vaccinations was provided
upon request through Co-WIN in the form of
protected APls, the aggregated data on COVID-19
cases, deaths and testing is released by the
national and subnational governments of India in
the form of daily bulletins. These daily bulletins are
consolidated by a crowdsourced volunteer group
called covid19bharat.org. Data released by
covid19bharat.org was widely used and
acknowledged as the official source of data for
COVID-19

undertaken by another crowd-sourcing platform

indicators.  Similar initiative was
called covid19india.org from the early days of the
pandemic up until October, 2021. Their efforts
provided the foundation for the work done by

covid19bharat.org. We used data from

covid19bharat.org to estimate the bias in CTIS
vaccination coverage for India as a whole and for
Indian states.

Even though CTIS data allowed us to calculate
vaccine uptake of only one dose and two doses at
a given time point, administrative data did not
provide estimates of only one dose of vaccination,
given the aggregate number of doses published as
official data. Hence, we presented results of
vaccine uptake of at least one dose and two doses

of vaccination.

Validation of COVID-like illness estimates

We compared the publicly available CLI estimates
for India  with COVID-19  cases
(administrative data) as collated based on

official

diagnostic tests during the time period 23 April
2020 - 31 December 2021.

Results

BIAS IN VACCINE UPTAKE ESTIMATES

Figure 1 presents the CTIS and official estimates of
at least one dose and two doses of vaccination at
the national level. The official number of doses are
scaled to the eligible target group of people 18
years or above using the Census projections for the
year 2021 published by the Government of India?.
The scaling factor, as plotted in the right panel, is
defined as the ratio of CTIS vaccine uptake
estimates to vaccine uptake in administrative data
scaled to the adult population. Similar to Bradley
et al. (2021), we observe the vaccine uptake as per
CTIS to be higher than in the administrative data.
While the daily estimates during the initial months
of vaccination roll out diverge greatly, the
divergence between CTIS and official estimates
decreases over time as more adults in the general
population are vaccinated. The scaling factors of
excess vaccination uptake in CTIS for at least one
dose and two doses in March 2021 stood at 8 and
120 respectively. By April-May 2021, the excess
vaccine uptake fell to 2 and 15 and continued the

downward trend until December 2021.
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Vaccine Uptake in India
CTIS Estimates and Administrative Data Comparison
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Figure 1: Vaccine Uptake in India - CTIS Estimates and Administrative Data Comparison

The convergence in estimates can be explained by
a couple of factors. The COVID-19 vaccination
rollout was initially restricted to self-registration on
the Co-WIN application. While the registration was
extremely useful in gathering information about
the vaccinated, this perhaps had an unintended
effect of escalating the divergence in vaccination
rates between rural and urban areas due to the
existing digital divide according to multiple news
reports®#!. Corollary evidence of this can also be

Vaccine Uptake in India by place of residence
CTIS Estimates
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viewed from the CTIS microdata. In Figure 2,
vaccination rates in rural areas can be seen to be
catching up with the urban cities and towns only in
the second half of 2021. Here we plot 7-day
moving average of CTIS vaccination rates by three
types of places of residence; city, town and
village/rural area. Vaccine uptake is measured as
percentage of adult population receiving at least
one dose of vaccination.
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Note: Vaccine Uplake measured as percentage of population recieving at least one dose of vaccination

Figure 2: Vaccine Uptake in India by place of residence - CTIS Estimates
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At the state level, we observe a similar
convergence in trends over time between CTIS and
official estimates as plotted in Figure 3. Here
vaccine uptake is measured as percentage of adult
population receiving at least one dose of
vaccination. Due to small or no daily sample in
smaller states (by population size), CTIS estimates
have missing data on some days. To address that
concern, we plot the 7-day moving average of CTIS
trends versus the official state level vaccination for
the select large states (determined by population

sizes). For some states, the convergence of

Vaccine Uptake in Indian States
CTIS Estimates and Administrative Data Comparison

Andhra Pradesh Bihar

estimates is evident where there is near universal
coverage of at least one dose in the adult
population. The CTIS picks up the official trends in
early movers such as Kerala and Madhya Pradesh;
these states had 90% coverage of at least one dose
by October 2021. But in some other states such as
Bihar, Maharashtra, Tamil Nadu, Uttar Pradesh, and
West Bengal, CTIS data still overestimate the
vaccine uptake even after one year of the vaccine
roll out. In almost all the states, the CTIS estimates
start higher and plateau earlier than the trends in

the official vaccination numbers.
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Figure 3: Vaccine Uptake in Selected Indian States - CTIS Estimates and Administrative Data Comparison

VALIDATION OF COVID-LIKE ILLNESS ESTIMATES
In Figure 4, we present the comparison of publicly
available CLI estimates for India with official
COVID-19 cases as collated based on diagnostic
tests during the time period 23 April 2020 - 31
December 2021. The vertical dotted line denotes
the emergence of wave-2 in India also known as
Delta wave. Bottom left corner panel represents
CTIS-CLI estimates. Other panels represent official
data of cases, deaths and testing.

During the second wave in India amidst the
emergence of delta variant between April-June
2021, both cases and deaths peaked sequentially
and then plateaued to a relatively lower level, as

per the official data. We see that the 7-day moving
average of percentage of respondents with CLI
trend mirrors the trend in official cases between
April-June 2021. However, while the official
number of cases and deaths have collapsed post
wave-2 in June 2021, the percentage of
respondents with CLI has not. It kept increasing
past the official peak, ultimately reaching a peak of
nearly 6% in November 2021. We also note that
while testing has decreased post wave-2, the
decrease is relatively small and perhaps not

enough to entirely explain this divergence.
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COVID-19 Diagnostic and CTIS-CLI trends in India
CQOVID Cases - India
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Figure 4: COVID-like lliness (CLI) in India - Comparison of CTIS-CLI with COVID-19 Diagnostic Data

In Figure 5, we present the state level CLI trends
by northern and southern states. For the ease of
presentation, we include Gujarat and Maharashtra
as northern and southern states, respectively,
because of their relative geographic position,
although they lie in western India strictly speaking.
We observe that while the 7-day moving average
CLI trends for southern states remain steady at

relatively low levels, CLI trends in the northern

COVID Like lliness (CLI) Symptoms
Trend over time in select states of India
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Figure 5: Reported CLI based
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states keep increasing post wave-2 which
contributes majorly to the overall national CLI.
There are two questions at play here - 1) Why do
we see a persistence of trend in the CLI estimates
at national level when daily COVID-19 cases have
fallen? 2) Why do the northern and southern states

exhibit different trends in CLI post wave-2?
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One potential hypothesis is the confounding of
symptoms between COVID-19 and seasonal flu.
Although the symptoms of COVID-19 are similar to
those of the seasonal flu, including fever, cough,
sore throat, chest pains, and fatigue, the addition
of anosmia and dysgeusia, the loss of smell and
taste have been shown to be an important
individual has been
COVID-19?".  Whether the
respondents have had anosmia in 24 hours prior to

indicator of whether an
affected  with

the interview is one of the symptoms questions
asked in the CTIS. In Figure 6, we plot the 7-day

Anosmia Reported Symptom
Trend over time in select states of India
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moving average of the percentage of respondents
who have reported anosmia as a symptom in the
selected states and by place of residence. Similar
to CLI trends, we see a major divergence in the
trends of anosmia by northern and southern states.
Decomposition of trend in reported anosmia by
place of residence also shows that the increase in
reporting post wave-2 has occurred mostly in the

village or rural areas.
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Figure 6: Reported anosmia based on CTIS India data — Selected Indian States and place of residence

Discussion
Early in the COVID-19 pandemic, there was a

scarcity of timely information on regional increases
in SARS-CoV-2 infections, people’s knowledge,
attitudes and practices of COVID appropriate
behaviours and the impact of the pandemic on
people’s lives. The routine data collection efforts
that existed at that time were too slow to meet the
data demands for understanding and managing

the pandemic™®??  In India, there were some

nimble initiatives”’* at the regional level to
understand the social and economic effects of the
pandemic, but those were not enough to compare

the situation over space and time. In that context,

© 2024 European Society of Medicine

alternative data sources like CTIS over a period that
is long enough to cover the seemingly never-
ending pandemic and across all states of India is a
useful resource for research and policy making
around the management of the pandemic.
of  the
representativeness of the sample or the lack of it

However, statistical validation
and its impact on survey estimates is crucial and
our paper contributes to that much needed

evidence base.



Representativeness of the sample

Table 1 CTIS-India Daily Sample Characteristics: December 1, 2021 is considered as the sample date

External benchmark

CTIS-Unweighted Estimates CTIS-Weighted Estimates I
Characteristic Among those who opened the survey request in Facebook
Incomplete, N = Completed, N Incomplete Completed® Based on 2.021.popu|ation
1,063 =1,528* projection*

Gender
Male 82 (7.7%) 1,240 (81%) 6.1% 55% 50.9%
Female 17 (1.6%) 263 (17%) 7.6% 43% 49.1%
Prefer not to answer 2 (0.2%) 16 (1.0%) 0.2% 1.6%
Seen but unanswered 2 (0.2%) 9 (0.6%) <0.1% 0.7%
Missing 960 (90%) 0 (0%) 86% 0%
Age Group
18-24 21 (2.0%) 287 (19%) 2.4% 16% 18.9%
25-34 37 (3.5%) 594 (39%) 3.6% 35% 24.4%
35-44 17 (1.6%) 314 (21%) 1.0% 16% 20.0%
45-54 12 (1.1%) 167 (11%) 4.6% 15% 15.9%
55-64 4 (0.4%) 104 (6.8%) 0.6% 10% 10.8%
65-74 5(0.5%) 43 (2.8%) 0.8% 6.3% 6.5%
>=75 years 0 (0%) 17 (1.1%) 0% 1.3% 3.4%
Seen but unanswered 1 (<0.1%) 2 (0.1%) <0.1% 0.1%
Missing 966 (91%) 0 (0%) 87% 0%
Area of Residence
City 44 (4.1%) 833 (55%) 7.1% 62%

34.5%
Town 11 (1.0%) 250 (16%) 1.0% 15%
Village or rural area 26 (2.4%) 441 (29%) 2.4% 23% 65.5%
Seen but unanswered 1(<0.1%) 4 (0.3%) <0.1% 0.3%
Missing 981 (92%) 0 (0%) 89% 0%

# Completed cases are usually considered for analysis of most indicators. * The Indian Census’ 2021 population projection report is used as an external
benchmark.?? For comparability, gender and age distributions are presented for adults only. However, Rural and Urban (City + Town) population percentages

are calculated based on all ages as age-wise urban and rural population distribution is not available in the population projection report.

© 2024 European Society of Medicine 9



Table 1 presents the unweighted and weighted
sample characteristics by interview completion
status for a randomly selected daily sample from
December 1, 2021. We also present the
corresponding estimates from Indian Census’ 2021
population projection report as an external
benchmark?. We see that the two-step weighting
procedure partially corrects the bias in gender and
age groups (to a lesser extent) represented in the
CTIS samples. For the age group 25-34 years,
CTIS-weighted estimates of percentage of Indian
adults belonging to this age group are much
higher (35%) than the external benchmark (24.4%).
This suggests the abundance of FB users in the age
group of 25-34 years. When we compare the
distribution of adults across four broad age
categories which were considered for the
poststratification adjustment (18-24, 25-44, 45-64,
65+), the matching of distribution is much better.
For example, for the age group 25-44 years, based
on the December 1, 2021 sample, the CTIS-
weighted and external benchmark estimates are
51% and 44.4%, respectively.

Although the original objective of CTIS was to
provide valuable information to help monitor and
forecast how COVID-19 may be spreading at the
early stage of the pandemic, the later versions of
CTIS, starting 21 December 2020, include
questions on vaccination. Availability of gold
standard data on COVID-19 vaccination coverage
allows us to measure the bias in CTIS vaccine
uptake estimates. Results indicate that the
vaccination estimates from CTIS are inflated
compared to the official numbers. There are many
behind  this

overestimation. First, the CTIS-India sample is

potential  reasons systematic
overrepresented by younger, more educated,
internet savvy, urban respondents even after
correction for survey nonresponse and frame
imperfection. Not all relevant demographic
characteristics were used as poststratifying
variables in the second stage of weighting
adjustment. For example, the area of residence
(rural or urban), a key determinant of being a FB

user in India, is not used in the poststratification

adjustment of weights. Majority of the respondents
are from cities whereas the proportion of rural
population is much higher in India. No attempt has
been made to account for this mismatch between
sample and population distribution with respect to
area of residence; this is likely to skew the
estimates towards urban population. The choice of
poststratification variables and their levels play an
important role in forming a representative sample
and producing near-unbiased estimates for
outcome of interest as long as poststratification

variables are predictive of the outcomes.

Secondly, inclusion of adult respondents in the
CTIS sample, satisfying both the criteria of being a
FB user and willing to take a web survey, is highly
correlated with vaccination status of individuals.
The COVID-19 vaccination roll-out was initially
restricted to self-registration on the Co-WIN web
portal or mobile application. This suggests that the
respondents of CTIS are more likely to be
vaccinated as it was much easier for them to book
appointments for vaccination in the Co-WIN app.
The process of exclusion of target population from
the sampling frame and the nonresponse
mechanism being correlated with the outcome of
interest is known as informative sampling and
nonignorable nonresponse, respectively, in the
survey methodology literature and they are known
to produce biased estimates®°.

The impact of digital divide on vaccination status
started to diminish towards the later part of 2021
through introduction of more walk-in vaccination
centers, near to home temporary vaccination
centers in non-health facility based settings, on-site
registration, vaccination at government and private
workplaces. The convergence of CTIS and official
estimates towards the later part of 2021 is an
artefact of the above-mentioned initiatives by the
Ministry of Health and Family Welfare, Government
of India which led to similar average vaccine uptake
in CTIS sample and general adult population.
Some of the initiatives might have been prioritized
after the Supreme Court ruling on 2 June 2021
which criticized the vaccination policy for relying
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exclusively on a digital portal for vaccinating the
adult population and warned that the existing policy
might fail to achieve universal immunization owing

to a digital divide in the country’s infrastructure?.

While assessing the bias in CTIS estimates of
vaccine uptake, the official data can be considered
as “gold standard” due to the mandate of self or
on-site registration on Co-WIN app for COVID-19
vaccination. However, in our second example,
where the symptom trends observed in the CTIS
diverge from the official estimates, the quality of
“gold standard” data is questionable. It is unclear
at this moment as to why the percentage of
respondents with CLI and anosmia persists at a
high level post wave-2. We do not rule out the
possibility that it could simply be an artefact of the
survey. However, there have been concerns around
underestimation of COVID cases and deaths in the
official data for various reasons. The Indian Council
of Medical Research, the apex body in India for the
formulation, coordination and promotion of
biomedical research had changed the COVID-19
testing strategy during and post wave-2 to
optimize the wuse of RT-PCR testing and
recommended increased use of rapid antigen tests
(RATSs) particularly in the rural areas where testing
facilities are rather meagre®. This might have had
implications on the test positivity rates based on
several news reports and initial research®*.
Anecdotal
unwillingness to get the COVID test done, even in

evidence suggests people’s
the presence of symptoms, because of fear of
institutional quarantine. There is also ongoing
research on the persistence of symptoms in long
COVID patients***, role of absolute humidity and
COVID-19

. In summary, unlike in the case of

seasonality in the transmission

dynamics*#
vaccination, the official COVID-19 diagnostic
numbers cannot be substituted for a gold
standard®. However, they are used widely to track
the progress of the pandemic despite the
shortcomings®. For instance, test positivity rate is
a widely used metric which suffers from selection
bias in testing and test positivity rates has been

documented®®!,

Conclusions

In response to Bradley et al. (2021)*, Professor
Frauke Kreuter who co-led the Global CTIS writes
“The (survey) quality is very difficult to assess,
because there is usually no independently verified
‘ground truth’ or ‘gold standard’ with which to
compare survey data”'®. This rings even truer in the
context of India and other developing economies
where the gold standard estimates are deficient
collecting the required information in some cases,
defunct in others or not at all present in some
others. Going forwards, it is clear that any research
in public health and social sciences has to make use
of data coming in all shapes and forms. For surveys
with biased samples, novel techniques such as
Multilevel Regression and Poststratification (also
known as Mister P or MRP) have shown promise in
correcting the survey biases®?. As Professor Kreuter
writes, “For certain inferential tasks, surveys with
deficiencies can be useful. The usefulness of a data
set can be evaluated only in the context of a
specific research question”'. We agree with one
caveat that the survey methods and data including
metadata and survey process data (paradata) be
made available transparently. This means
embracing more openness in all forms -
accessibility, availability and less transaction costs
in general to acquire the needed information.
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