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A B S T R A C T   

Implementing a large-scale survey involves a string of intricate procedures exposed to numerous types of survey 
errors. Uniform and systematic training protocols, comprehensive survey manuals, and multilayer supervision 
during survey implementation help reduce survey errors, providing a consistent fieldwork environment that 
should not result in any variation in the quality of data collected across interviewers and teams. With this 
background, the present study attempts to delineate the effect of field investigator (FI) teams and survey 
implementation design on the selected outcomes. Data on four of the bigger Empowered Action Group (EAG) 
states of India, namely Uttar Pradesh, Madhya Pradesh, Bihar, and Rajasthan, were obtained from the fourth 
round of the National Family Health Survey (NFHS-4) for analysis. A fixed-effect binary logistic regression model 
was used to assess the effect of FI teams and survey implementation design on the selected outcomes. To study 
the variation in the outcome variables at the interviewer level, a cross-classified multilevel model was used. Since 
one interviewer had worked in more than one primary sampling unit (PSU) & district and did not follow a perfect 
hierarchical structure, the cross-classified multilevel model was deemed suitable. In addition, since NFHS-4 used 
a two-stage stratified sampling design, two-level weights were adjusted for the models to compute unbiased 
estimates. This study demonstrated the presence of interviewer-level variation in the selected outcomes at both 
inter- and intra-field agencies across the selected states. The interviewer-level intra-class correlation coefficient 
(ICC) for women who had not availed antenatal care (ANC) was the highest for eastern Madhya Pradesh (0.23) 
and central Uttar Pradesh (0.20). For ‘immunisation card not seen’, Rajasthan (0.16) and western Uttar Pradesh 
(0.13) had higher interviewer-level ICC. Interviewer-level variations were insignificant for women who gave 
birth at home across all regions of Uttar Pradesh. Eastern Madhya Pradesh, Rajasthan, and Bihar showed higher 
interviewer-level variation across the selected outcomes, underlining the critical role of agencies and skilled 
interviewers in different survey implementation designs. The analysis highlights non-uniform adherence to 
survey protocols, which implies that not all interviewers and agencies performed in a similar manner in the field. 
This study recommends a refined mechanism for field implementation and supervision, including focused 
training on the challenges faced by FIs, random vigilance, and morale building. In addition, examining 
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interviewer-level characteristics, field challenges, and field agency effects may also highlight the roots of 
interviewer-level variation in the data. However, based on the interviewer’s performance in the field, the present 
study offers an intriguing insight into interviewer-level variations in the quality of data.   

1. Introduction 

Large-scale surveys are a substitute for the Census during the interim 
period as they are more economical and relatively less time consuming, 
and provide focused insights on specific characteristics of the larger 
population (Division, 1955; Gideon, 2012; Shryock, 1975; Srinivasan, 
1998). In India, several nationally representative large-scale surveys, 
such as the National Family Health Survey (NFHS), National Sample 
Survey (NSS), Indian Human Development Survey (IHDS), Longitudinal 
Aging Survey (LASI), and Periodic Labor Force Survey (PLFS) have been 
vital facilitators for the formulation and assessment of policy-led pro-
grammatic interventions at various levels. 

Besides tracking fertility, infant and child mortality, maternal and 
child health, and other health and family welfare indicators at the na-
tional and state levels, the fundamental focus of these surveys has been to 
provide high-quality data for use by researchers. Numerous measures 
have been adopted in these surveys over time to maintain high data 
quality standards. The implementation of a large-scale survey constitutes 
a series of complex challenges from survey planning to implementation 
to dissemination. As a strategic component of any survey design, survey 
implementation is prone to various types of errors, including sampling 
and non-sampling errors, which are inevitably present in every step of 
the survey (Verma & Le, 1996; Weisberg, 2008; Wolf, 2016). 

Several researchers have highlighted inconsistencies in data quality 
in India in national and subnational assessments (Borkotoky & Unisa, 
2014; Dandona, Pandey, & Dandona, 2016). However, unlike the NFHS 
(the Indian version of the Demographic Health Survey), none of these 
surveys have regular follow-up strategies to evaluate data quality issues 
(Srinivasan and Mishra, 2020). Since the inception of NFHS in India, 
numerous researchers have highlighted data quality issues to suggest 
improvements in survey design and implementation (Borkotoky & Unisa, 
2014; Mari Bhat, 1995; Rajan, 2008; Retherford, 2001). Several studies 
have pointed out the underreporting and exaggeration of statistics for the 
same indicators obtained from different public data sources (Sandefur, 
2014). In fact, discrepancies are also conspicuous in the estimates ob-
tained from system data and external facility survey data (Phillips, 2019; 
Sharma et al., 2016). A majority of these attempts have highlighted in-
consistencies in the reporting of age, fertility, mortality, timing of events, 
and reproductive and child health outcomes (Arnold, 1990; Bhat, 1995; 
Curtis, 1995; Dandona, Pandey, & Dandona, 2016; Gage, 1995; Namaste, 
2018; Pullum, 2018; Schoumaker, 2014; Unisa, 2015). Many studies 
(Bogen, 1996; Johnson, 2009; Pullum, 2018; Sharma et al., 2016) have 
discerned the impact of length of questionnaire, positioning, time di-
mensions associated with specific questions, and biases associated with 
interviewer characteristics on data quality. The assessment of the first 
three rounds of NFHS in terms of questionnaire length and enquiries on 
socially restricted topics raised serious data quality concerns (James 
Ranjan, 2004; Ranjan and James 2004; Ranjan and James 2008). 

In any populous and resource-deficient country, there are numerous 
challenges concerning the collection of high-quality data. Therefore, 
innovative strategies are required to collect quality data while main-
taining time and cost effectiveness. A commitment to high-quality 
standards in large-scale surveys is manifested in the survey imple-
mentation strategies by field agencies (FAs) and compliance with pro-
tocols by field investigators (FIs) at the time of survey (Wolf, 2016). In a 
country like India with a vast spatial distribution, surveys are conducted 
in two phases to facilitate systematic monitoring and evaluation of both 
FAs and FIs ((IIPS), 2015–16). However, the increasing demand for data 
at lower administrative units has amplified the risk of errors in survey 
implementation. 

NFHS meticulously trains the trainers and exercises strict supervision 
to monitor and evaluate the survey operations to ensure that the data is 
highly reliable however, a study highlighted the interviewer effect 
across two rounds of NFHS in the case of sensitive questions (Singh et al., 
2022). Despite the rigorous training imparted to the investigators to 
keep the canvassing uniform, bias introduced by the investigators 
cannot be ignored. The characteristics of the interviewers, such as their 
age, education, religion, caste, and place of residence, influenced the 
quality of the data collected. One study noted a significant difference in 
the non-response and refusal rates based on interviewers’ age (Pullum, 
2018). Reportedly, older interviewers have low non-response and 
refusal rates compared to younger investigators. Similar findings have 
been observed with regard to interviewers’ education level (Yang, 
2008). A series of analytical studies (Adida, 2016; Liu, 2016; Wang, 
2013) showed that the co-ethnicity of FIs and respondents positively 
impacted data quality. In addition, investigators with prior field expe-
rience show a decline in non-response and other inconsistencies during 
field investigation (Pullum, 2018). Numerous studies have argued that 
an interviewer’s inexperience, inappropriate articulation of questions, 
inattentiveness, non-cooperation with interviewee, and inappropriate 
behaviour can seriously impede quality data in survey research 
(Anglewicz, 2009; Pullum, 2018). However, there is a paucity of liter-
ature on how field teams should be trained to perform complex field 
operations, particularly in the Indian context. 

A considerable number of non-sampling errors were attributed to the 
way the questions in the questionnaire were designed. As part of the 
questionnaire design, a sequence of skipping is introduced in a ques-
tionnaire to navigate respondents to specific questions by eliminating 
sets of inapplicable questions (Allen, 2020; Manski & Molinari, 2008). 
These skips are regarded as an important caveat to reduce the burden of 
extra questions on the respondents and the interviewers (Amos, 2018). 
Simultaneously, they reduce the time and cost of the survey and enhance 
the accuracy of the reported data. However, there are several drawbacks 
to this approach. Skipping is often opted for as a strategic bypass to 
necessary qualifications, leading to the anomalous reporting of events 
(Bound, 2001; Mathews, 2012). A massive expansion of the NFHS 
questionnaire over time has created a noticeable increase in skipping of 
questions, thus increasing the possibility of erroneous responses. It is 
important to mention that the use of computer-assisted personal inter-
viewing (CAPI) has facilitated programmed skipping in questionnaires 
(IIPS, 2015–16; IIPS & ICF, 2017). Thus, any discrepancies in data 
quality in a homogeneous and identical setting indicate severe incon-
gruence in survey implementation in India. However, no study has 
attempted to explore this aspect in detail with regard to challenges in 
survey implementation, follow-up of survey protocols, and discrep-
ancies in the performance of FAs and FIs in the field survey. 

In the context described above, this study attempts to understand 
survey implementation strategies and identify the influence of FAs and 
FIs on data quality in India. However, due to the paucity of paradata on 
interviewers’ characteristics, this study relied on the skipping behaviour 
of FIs associated with different FAs. This study examined the patterns of 
skipping in maternal and child health indicators within homogeneous 
rural clusters in the selected states. It also investigated the presence of 
inter- and intra-agency variations in data quality. We chose maternal 
and child health indicators to identify the pattern of inconsistencies in 
the country for two reasons. First, NFHS is an invaluable source of health 
information. As such, it is used for program-led policy formulations and 
for the assessment of the nation’s commitment to the Sustainable 
Development Goals (SDGs), especially those pertaining to universal 
health coverage, including disaggregated targets of child nutrition and 
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mortality, maternal health, and gender-related goals (United Nations, 
2015). Therefore, the quality of the data should be top-notch. Second, it 
is important to examine survey implementation strategies and the per-
formance of FAs and FIs to ensure data quality in future surveys. 

The present study hypothesised that with a uniform and systematic 
survey implementation procedure and a similar training protocol for 
fieldwork, there should be no difference in the quality of data collected 
across teams and interviewers. Based on this assumption, this study had 
two important aims. First, we attempted to assess the effect of the FI 
teams and the survey implementation design on the selected outcomes, 
namely births delivered in an institution (home versus health facility), 
visits for antenatal care (ANC) (no visit versus any visits), and the 
investigator seeing the immunisation card (no versus yes). Variations in 
responses with respect to these outcomes may indicate that the in-
vestigators made a deliberate attempt to reduce their workload by 
skipping certain questions. To achieve this objective, we adjusted the 
survey implementation design along with the PSU- and individual-level 
covariates as we hypothesised that after adjusting for these factors, the 
team-level variations related to a given outcome should not be signifi-
cant. Our second aim was to explore variations in outcomes at the 
investigator level. For this, we used a cross-classified multilevel model to 
ascertain the impact of an interviewer on the same outcomes as 
mentioned above after adjusting for the PSU- and individual-level 
covariates. In summary, this study highlights the critical roles of sur-
vey implementation procedures and the interviewer in the data quality 
of a survey. 

2. Materials and methods 

2.1. Data 

The NFHS is a nationally representative cross-sectional survey con-
ducted under the guidance of the Ministry of Health and Family Welfare 
(MoHFW), Government of India. As the nodal agency, the International 
Institute for Population Sciences (IIPS), Mumbai, is responsible for col-
lecting reliable unit-level data on various aspects of population, nutri-
tion, maternal and child health, and family welfare in India (IIPS & ICF, 
2017). Until 2016, four rounds of the survey had been carried out in 
India at different levels of disaggregation. In the fourth round (NFHS-4), 
nearly 0.6 million households, 2.8 million persons, and 0.7 million 
eligible women aged 15–49 years were covered across the nation using a 
stratified two-stage sampling procedure. With this round, NFHS, for the 
first time, reached down to the district level, covering all the states and 
union territories of India. It is important to mention that to cover such a 
large sample size, the survey implementation design of NFHS includes 
phase-wise collection of data and division of larger states into regions. 
These regions/states covering all parts of India were surveyed by 14 field 
agencies, constituting 789 teams (IIPS & ICF, 2017). Each team con-
sisted of one field supervisor, three female interviewers, one male 
interviewer, two health investigators, and one driver. 

2.1.1. Selection approach of the study sample 
For the purpose of analysis, we selected four of the larger states from 

the Empowered Action Group (EAG): Uttar Pradesh (UP), Madhya Pra-
desh (MP), Bihar, and Rajasthan. The EAG states have relatively greater 
health and income inequalities than the other states. The NFHS-4 was 
conducted in two phases. In MP, Bihar, and eastern UP, the survey was 
conducted in Phase I, while western UP, central UP, and Rajasthan were 
covered in Phase II. 

The populous state of UP was divided into three regions—western, 
central, and eastern—and the field operation was assigned to three 
different FAs. The Population Research Centre (PRC), Lucknow, covered 
an average of 45 PSUs and 1261 women per team in eastern UP, while 
the Development and Research Services (DRS) and the Goa Institute of 
Management (GIM) covered an average of 47 PSUs/1066 women and 40 
PSUs/1150 women per team, respectively, in the central and western 

UP. With an aggregate sample size of 97,661 women, each team covered 
an average of 44 PSUs, interviewing approximately 26 women per PSU 
in UP. The number of FIs assigned to each state was based on the number 
of districts and PSUs in the state and the sample size of the state (IIPS, 
2015–16). On an average, 1.25 teams were assigned per district in India 
(IIPS, 2015–16). 

As part of the survey implementation design, districts in each region 
were further divided into sets of 4–5 adjoining districts to ensure sys-
tematic accumulation of data and close monitoring of FAs and FIs. FI 
teams were assumed to complete the survey in a set and then move 
forward to the next assigned set of districts. Thus, in a particular set, 
several teams were assigned to different districts such that each team 
covered a number of districts belonging to different sets in a region. This 
systematic movement of teams in assigned districts from various sets 
formed a group consisting of districts from different sets covered by 
several teams (Fig. 1). The current study focuses only on the rural areas 
of the selected states to avoid sample size constraints and the hetero-
geneous movement of teams in urban areas. 

2.1.2. Outcome variables 
Skip sequencing is a widespread survey practice in which the 

response to an opening question is used to determine whether a 
respondent should be asked some of the subsequent questions (Dunn 
et al., 2015). The outcome variable in this study was defined as skipping 
of the opening questions, which may have led to bypassing detailed 
information on key indicators related to maternal and child health for a 
certain number of respondents. In rural clusters, it is believed that the 
pattern of skipping questions tends to be nearly identical because of the 
homogeneity of socioeconomic settings. Based on this assumption, three 
important maternal and child health indicators with lengthy follow-up 
sub-sections were considered in this study. These variables included 
‘not availing antenatal care services’, ‘birth at home’, and ‘immunisation 
card not seen’. Women who had not received antenatal care services 
during pregnancy skipped approximately eight questions on antenatal 
care and a certain number of questions from the state module. Thus, 
with regard to skips, the outcome variable was coded as ‘1’ if antenatal 
care was not availed and as ‘0’ otherwise. 

Similarly, 17 questions on institutional delivery care and costs were 
mandatory skips for women who had delivered at home. The immuni-
sation card table entries were overlooked for children who had an 
immunisation card but which was not seen by the FIs. The ‘birth at 
home’ variable comprised women who delivered a child at home, 
including own home, parent’s home, or another home. The ‘immunisa-
tion card not seen’ variable was applied to women who had their child’s 
immunisation card but could not bring it to the interviewer on time, as a 
result of which the investigator might have avoided recording the data 
from the vaccination card. Immunisation information obtained from a 
vaccination card is considered more reliable than parental recall; how-
ever, due to the complexity of reading and recording the information on 
immunisation from the vaccination card, interviewers may do so 
without the card. Wagner (2019) showed substantial differences in 
immunisation estimates of diphtheria-tetanus-pertussis (DPT) across 
individuals with a vaccination card, without a vaccination card, and 
with a vaccination card not seen by the interviewer. This underlines the 
importance of recording immunisation information directly from the 
card and therefore the outcome variable ‘card not seen’ is a significant 
variable of study, which should not vary at the investigator level. 
Although the use of skip sequencing helps to pass over irrelevant ques-
tions for a particular respondent, reducing the respondent burden and 
the time and cost of the interview, it may also lead to data quality issues 
across the survey items for various reasons, thereby curtailing the 
informativeness of the survey. 

2.2. Explanatory variables 

The key explanatory variables were the field survey implementation 
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teams and interviewers. Each team consisted of 7 people and a field 
supervisor. The field supervisor variable was considered a proxy for the 
team, and the interviewer identification variable was considered to 
represent the interviewer. These teams were exclusive to regions and 
states as different agencies were involved in data collection in different 
regions and states. The analysis was adjusted for the number of districts 
a particular team interviewed in a given region and for women’s de-
mographic and socioeconomic characteristics, as follows:  

A) Individual-level characteristics: A fixed-effects model and a cross- 
classified multilevel model were adjusted for women’s age, 
educational status, religion, and caste and wealth status of the 
household.  

B) Village-level characteristics: At the village level, the proportion of 
literate women, poorest women, Hindu women, and scheduled 
caste (SC)/scheduled tribe (ST) women was adjusted in the 
analysis. 

2.3. Statistical analysis 

2.3.1. Fixed effects model 
To fulfil the first objective, a fixed-effects binary logistic regression 

model was used after adjusting for the effects of teams, groups of dis-
tricts, and selected women’s demographic, socioeconomic, and village- 
level variables. The outcome variables were binary in nature, whereby 
women who had not availed ANC, women who had given birth at home, 
and women whose immunisation card was not seen by the interviewer 
were marked as ‘1’ and as ‘0’ otherwise. 

2.3.2. Cross-classified multilevel model 
We employed a cross-classified random intercept multivariable 

multilevel (four-level) logit model to examine the interviewer variation 
in the selected outcomes. The model defined the outcome for the ith 

respondent interviewed by the jth investigator at the kth PSU of the lth 

district. The random intercept model was cross-classified because each 
interviewer had worked in more than one PSU&district and each 
PSU&district had more than one interviewer. Thus, interviewers with 
PSUs-Districts do not follow a perfect hierarchical structure as in the 
case of PSUs-districts. Therefore, cross-classified multilevel model was 
used to disentangle the non-hierarchical effects (Dunn et al., 2015). 

A flowchart to clarify the hierarchical structure is given below: 

Fig. 1. Schematic representation of number of women interviewed per team across sets and districts in rural area of central region of Uttar Pradesh, NFHS-4, 
2015-16. 
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Different socioeconomic and demographic variables at the individual 
and PSU levels were used as the independent variables. The model can 
be expressed as: 

log
(

πi(j,kl)

1 − πi(j,kl)

)

= β0 + βT
1 xi(j,kl) + βT

2 x0k + ε0j + ε0k + ε0l 

Here,πi(j,kl) represents the probability that the ith respondent inter-
viewed by the jth investigator in the kth PSU of the lth district takes the 
value of 1 for one of the categories of the dependent variables, as defined 
above. βT

1 is a vector containing the coefficients of individual-level so-
cioeconomic and demographic characteristics, whereas βT

2 is a vector 
containing the coefficients of PSU-level covariates. ε0j, ε0k, and ε0l 
represent the error terms at the interviewer, PSU, and district level, 
respectively. 

ε0j ∼ N
(

0, σ2
0j

)
, ε0k ∼ N

(
0, σ2

0k

)
, ε0j ∼ N

(
0, σ2

0l

)

: σ2 are variances at different levels 

To estimate the cross-classified random intercept model, the Markov 
Chain Monte Carlo (MCMC) estimation process was adopted, and the 
model was executed using the runmlwin program in STATA 16.0. Level 
weights were applied to obtain precise estimates of the coefficients/ 
parameters. In the absence of level weights, variance tends to be 
underestimated (Elkasabi et al., 2020). 

We computed the intra-class correlation coefficient (ICC) to obtain 

the share of total variance in the outcome variable at various levels. For 
example, the ICC at the district level was defined as the district-level 
variance relative to the sum of the variance at all levels. 

ICC at the district level   

ICC at the district level = [ σ2
0l

σ2
0l+σ2

0j+σ2
0k+3.29] 

The ICC at the district level represents the correlation of the outcome 
between two different women from the same district who were inter-
viewed by different interviewers in different PSUs. 

2.3.3. Computation of sampling weight at different levels 
Two-stage stratified sampling was used to collect rural and urban 

samples separately from each of the 640 districts in India. For villages 
larger than 300 households, two segments of size 100–150 households 
approximately were selected using probability proportional to size (PPS) 
sampling. Using the Census 2011 frame, villages were taken as the pri-
mary sampling units (PSUs) in rural areas, and census enumeration 
blocks (CEBs) in urban areas. A second-stage stratification in rural areas 
of each district was achieved based on village size (number of house-
holds), whereby three explicit strata were created. Implicit stratification 
was achieved by sorting the sampling frame according to the percentage 
of scheduled castes (SC)/scheduled tribes (ST) and female literacy rate. 

In the first stage, within each rural stratum, villages were selected using 
probability proportional to size (PPS) sampling from the 2011 census 
frame. Within each urban sampling stratum, implicit stratification was 
achieved by sorting the sampling frames according to the percentage of 
the SC/ST population. Details of the sampling techniques and sample 
sizes are available in the NFHS-4 National Report (IIPS and ICF, 2017). 

Level 1 and level 2 weight were computed by considering the survey 
design and adopting the following procedures. First, the total number of 
interviewed women in the 15–49 years age group was obtained from the 
state-specific NFHS dataset of ever-married women. Information related 
to the total number of women in the 15–49 years age group in the state 
census frame, the total number of households according to the census 
frame, and the total number of census clusters/PSUs in all strata (rural/ 
urban area of each district) was obtained using the Census 2011 Primary 
Census Abstract (PCA) file (https://censusindia.gov.in/census.websit 
e/). It was not possible to obtain information related to each stratum 
of the rural area of each district; thus, rural/urban stratification was 
performed to compute level weights. 

The de-normalized weight (d_HH) was calculated for a particular 
state as follows: 

dHH =
sv005

1000000

∗
Total number of women in 15 − 49 age group in census frame

Total number of women interviewed in 15 − 49 age group 

Next, we approximated the level 2 weight based on the equal split 
method (Elkasabi et al., 2020)   

Finally, the level 2 weight was generated by: 

Wt2=
Total number of census cluster for a particular stratum

Total number of completed cluster for a particular stratum
∗ f 

The level 1 weight was calculated by: 

Wt1=
d HH
Wt2 

Since this study was based on the state level, state weight (sv005) 
was used instead of the national weight (v005) while calculating the de- 
normalized weight. We took α as 0.5 to give optimal values to the weight 
(Elkasabi et al., 2020). 

3. Results 

3.1. Descriptive statistics of the sample 

Table 2 presents the percentage of women who did not avail ANC 
services, the percentage of women who had delivered at home, and the 
percentage of women whose child’s immunization card was not seen by 
investigators to record the data despite respondents having the card as 
an indicator of data quality outcome according to the selected 

f =
d HH

Total number of census cluster for a particular stratum
Total number of completed cluster for a particular stratum ∗ Average number of household per cluster for a particular stratum

Number of household selected per cluster   

=
District level variance

(District level variance + PSU level variance + Investigator level variance + individual level variance)
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socioeconomic characteristics of women in the different regions of rural 
Uttar Pradesh. The estimates of the selected outcomes varied consider-
ably across the different regions of Uttar Pradesh as well as by the 
selected covariates. The prevalence of the outcome variable decreased 
with an increase in the wealth quantile and level of education, whereas 
it increased with an increase in women’s age and SC/ST population 
across the regions of Uttar Pradesh. The prevalence of the outcome 
variable varied marginally by religion and caste in the selected regions 
and states. Likewise, the prevalence of immunisation cards did not vary 
greatly in the eastern region of Uttar Pradesh as compared to the central 
and western regions of the state across the selected socioeconomic 
characteristics. For example, in western Uttar Pradesh, immunisation 
cards were not seen for 45 percent of women in the age group 35 years 
and above, as compared to 62 percent of women in the same age group 
in eastern Uttar Pradesh. Likewise, immunisation cards were not seen by 
the investigator for 40 percent and 59 percent of women with no edu-
cation in central and eastern Uttar Pradesh, respectively. In contrast, 
immunisation cards were not seen for 30 percent and 42 percent of 
women with higher education in the same two regions of the state. The 
prevalence of ‘immunisation card not seen’ was higher among women 
belonging to the SC/ST category, except in the central region of the 
state. A similar pattern was observed in women who had not availed 
ANC services and those who had delivered at home across the regions of 
rural Uttar Pradesh. It was found that the prevalence of ‘immunisation 
card not seen’ was relatively higher than that of home deliveries and 

non-use of ANC across the selected socioeconomic characteristics of 
women. It is important to mention that heterogeneity in the reporting of 
the outcome variables across different regions was also observed in all 
other selected states (Appendix Tables 1–3). These differences may be 
true in nature or an unexpected outcome of the investigator effect. 
Furthermore, an attempt was made to adjust the PSU and individual- 
level covariates to explore the contribution of teams and investigators 
to the reported differentials in the selected outcome variables. 

3.2. Team-level variations: Results from the fixed effects model 

Fig. 2 presents the results of the fixed effects model by teams for 
women who did not avail ANC services, women who had delivered at 
home, and women whose child’s immunisation cards were not seen by 
the investigators as an indicator of data quality outcome adjusted for the 
survey implementation process and for the PSU- and individual-level 
women covariates across various groups of teams in central UP. 

A notable difference was observed in the adjusted odds ratios of 
teams among various groups in the central region of Uttar Pradesh for 
the selected outcome variables. For example, all the teams that inter-
viewed group A districts were 3–4 times odds more likely to skip 
immunisation card information than team 1 from the same group. 
Similarly, team 12 [Odds ratio (95% CI): 2.33(1.56–3.48)], 13 [2.15 
(1.40–3.28)] and 15 [2.34(1.59–3.43)] had significantly higher odds of 
skipping immunisation card information than team 11 which 

Table 1 
Fieldwork implementation structure in the selected states in NFHS-4, 2015-16.  

S. No. States Regions Survey Agencies No. Teams Districts No. of PSU Sets No. of Women 

1 Uttar Pradesh Western PRC Lucknow 34 26 1531 5 42885 
Central DRS 19 18 903 5 20266 
Eastern GIM 30 27 1204 6 34510 

2 Madhya Pradesh Western AMS 35 27 1421 6 38739 
Eastern IIHMR 28 22 989 5 24064 

3 Bihar - AMS 48 38 1677 8 45812 
4 Rajasthan - IIHMR 41 31 1634 6 41965 

Note: PRC- Population research center (PRC Lucknow was involved as FA in NFHS-I and NFHS-IV); DRS- Development and Research Services Pvt. Ltd., New Delhi (DRS 
was involved as FA in NFHS-III and NFHS-IV); GIM- Goa Institute of Management (GIM was for the first time involved as FA in NFHS-IV); AMS- Academy of Man-
agement Studies (AMS) (AMS was for the first time involved as FA in NFHS-IV); IIHMR- Indian Institute of Health Management Research (IIHMR) (IIHMR was involved 
as FA in NFHS-II, NFHS-III and NFHS-IV). 

Table 2 
Percentage distribution of skipping of maternal and child health information by socio-demographic characteristics of women in regions of rural Uttar Pradesh, NFHS-4, 
(2015–16).  

Region UP-C UP-W UP-E UP-C UP-W UP-E UP-C UP-W UP-E 

Background Characteristic ANC not availed Birth at Home Immunization card not seen 

Wealth Index Quintiles 
Poor 38.29 23.43 34.43 33.91 42.26 37.13 38.69 43.15 53.49 
Middle 21.25 11.19 19.29 15.6 32.38 22.1 28.98 36.06 44.85 
Rich 9.4 6.05 13.61 13.08 22.6 14.99 36.94 28.26 42.69 
Education 
No education 44.56 23.37 43.62 40.88 42.77 44.2 40.49 41.65 59.04 
Primary 31.83 16.14 27.25 30.31 40.74 31.04 38.43 38.02 50.15 
Secondary 25.11 9.99 18.41 19.09 26.93 18.84 34.42 34.82 42.02 
Higher 10.68 4.67 10.28 8.71 12.65 11.36 30.34 30.67 42.25 
Women’s Age 
15–24 25.11 11.87 22.36 23.01 28.73 22.35 31.87 35.23 43.05 
25–34 34.33 16.52 30.5 29.24 37.93 31.82 38.22 38.48 51.24 
35+ 47.22 29.03 43.27 47.66 46.13 48.54 45 43.57 61.87 
Religion 
Hindu 33.07 16.84 28.94 28.78 33.68 30.17 36.09 38.16 49.26 
Others 38.45 16.05 38.44 39.98 42.41 41.12 46.52 36.5 57.25 
Caste 
SC/ST 36.79 16.12 33.56 34.18 37.17 35.21 34.62 38.67 52.68 
Others 31.74 16.83 28.94 27.54 35.24 30.32 38.9 37.56 49.25 

Total 1291 997 2852 1688 3257 4382 1411 2010 4708 

Note: UP-C= Uttar Pradesh Central region; UP-W= Uttar Pradesh Western region; UP-E= Uttar Pradesh Eastern region. 
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Fig. 2. Adjusted odds ratio of skipping of selected maternal and child health information by interviewer teams and districts sub-sets in central region of Uttar 
Pradesh, NFHS-4 (2015–16). 
Note: Model is adjusted for PSU and Individual level covariates. 
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interviewed group C districts. However, among teams that interviewed 
group B districts, teams 8 [0.43(0.29–0.65)] and 9 [0.56(0.36–0.92)] 
had significantly lower odds of skipping immunisation card information 
than team 6 which interviewed the same group of districts. Almost all 
teams that interviewed groups A and D had significantly lower odds of 
interviewing women who had not received ANC. Interestingly, in group 
B, teams 7 [0.44(0.26–0.74)] and 8 [0.62(0.41–0.94)] were less likely to 
interview women who had not received ANC, whereas team 9 [2.08 
(1.28–3.39)] from the same group was twice as likely to interview 
women who had not received ANC services. Team differentials were also 
observed among women who had delivered at home. Team 2 [1.39 
(0.94–2.05)] and team 5 [1.66(1.13–2.44)] that interviewed group A 
districts had significantly higher odds of interviewing women who had 
delivered at home, whereas teams 3 and 4 had insignificantly lower odds 
of interviewing women who had delivered at home as compared to team 
1 from group A. The results show that the different selected outcome 
variables varied greatly across the same group of teams that interviewed 
exclusive district groups. For example, among teams that interviewed 
group A districts, almost all teams had higher odds of skipping immu-
nisation card information; however, the same group of teams had lower 
odds of interviewing women who had not received ANC (Fig. 2). 

The skipping pattern of the selected outcome variables varied across 
the groups of districts, and there was notable team-level variation in the 
different regions of the selected states (Appendix Fig. 1). For example, 
teams from group C in western Madhya Pradesh exhibited a vast vari-
ation in the case of women who had not availed ANC and women who 
had given birth at home, whereas variation in the estimates could be 
observed for antenatal care information across teams of different groups 
in the eastern region of Madhya Pradesh. In addition, the analysis shows 
dissimilarities across teams in the state of Bihar, largely in the absence of 
ANC and immunisation card not seen in various groups, namely A, B, C, 
and F (Appendix Fig. 1). Teams belonging to groups D, E, and F in 
Rajasthan showed significant variations in the estimates of the selected 
outcome variables (Appendix Fig. 1). Thus, the results clearly highlight 
the presence of variations in the estimates of the selected maternal and 
child health variables across groups of teams in the selected states. 

3.3. Investigator-level variations: results from the cross-classified 
multilevel model 

Fig. 3 presents the intra-class correlation coefficient (ICC) estimates 
for the selected outcomes at the district, PSU-village, and interviewer 
levels using the four-level random intercept multivariable cross- 
classified model for the selected states of India. The outcome variables 
varied marginally at the district level across regions and states, with the 
exception of Rajasthan. At the district level, a major variation was 
observed for women who had not availed ANC, followed by skipping of 
immunisation card information. However, at the PSU level, the variation 
was mainly observed for women who had delivered at home, especially 
in both regions of Madhya Pradesh. Variations in the outcome variables 
at the district and PSU levels may be attributed to a combination of 
diverse latent factors. However, with uniform training and field imple-
mentation protocols, after adjusting for selected socioeconomic and 
demographic covariates at the PSU and individual levels, the variation at 
the interviewer level should become statistically insignificant. 

Based on the above argument, this study presents mixed results, 
whereby substantial variation in the interviewer effect may be observed 
for some of the selected outcomes, whereas for the other outcomes, the 
variation is not statistically significant across the selected states. For the 
women who did not avail ANC, the interviewer-level ICC varied 
considerably from the lowest of 0.11 in western Uttar Pradesh to 0.20 in 
central Uttar Pradesh, to and the highest of 0.23 in eastern Madhya 
Pradesh (Fig. 3). After controlling for an array of socioeconomic back-
ground characteristics, a fair degree of disproportion in the outcome 
variables across the regions may be attributed to non-uniformity in the 
survey implementation protocols, which may be further ascribed to 
several reasons, including lack of motivation to work, geographical and 
logistical constraints, lack of moral liability, lack of sincerity in work, 
and delay in salary payment. These are identified as critical impedi-
ments to the quality of the data. In addition, for the majority of the 
selected states, the districts and PSUs contributed less to the variance 
partition than did the interviewers. The interviewer-level ICC ranged 
from 0.001 to 0.03 for women who delivered at home, and was found to 
be the lowest compared to the other selected outcomes. Likewise, for 
‘immunization card not seen’, the interviewer-level ICC ranged from 
0.09 to 0.16 (Fig. 3). Among the selected states, Rajasthan (0.16) and 
western Uttar Pradesh (0.13) had a higher interviewer-level ICC, 

Fig. 3. Intraclass correlation coefficient (ICC) estimated using four-level random intercept multivariable cross classified multilevel model in selected states of India 
for selected outcome, NFHS 4, 2015-16. 
Note: Model is adjusted for PSU and Individual level covariates. 
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whereas eastern Madhya Pradesh (0.10), Central Uttar Pradesh (0.10), 
and eastern Uttar Pradesh (0.09) had a lower interviewer-level ICC for 
‘immunization card not seen’. Interestingly, the findings highlight that 
the estimated interviewer effect varied largely by outcomes across the 
selected regions and states (Table 3). For example, the interviewer-level 
variance for women who gave birth at home was not statistically sig-
nificant for all the regions of Uttar Pradesh; however, in the same re-
gions of Uttar Pradesh, the interviewer-level factors contributed 
significantly to the case of women who had not availed ANC (Table 3). 
The interviewer effect was significantly higher for ‘immunization card 
not seen’ and non-use of ANC than for women delivered at home 
(Table 3). These findings highlight the discordance at the interviewer 
level, which is a critical impediment to the quality of survey data. This 
calls for an urgent need to examine interviewer- and agency-level 
characteristics with regard to the appropriate implementation of sur-
vey operations. 

4. Discussion and conclusions 

The National Family Health Survey in India provides an array of 
information on maternal and child health indicators, which holds great 
value for strategic policies and program management. However, an 
important concern with the estimates from large-scale surveys such as 
the NFHS pertains to non-sampling errors, which include non-response, 
measurement, interviewer, adjustment, and data processing errors that 
may occur at any stage of survey design. 

This study explored the interviewer effect in explaining the variation 
among selected maternal and child health indicators. To explore this 
effect in teams of differentials in the reporting and capture of the 

selected outcome variables, the teams and districts were restructured 
into mutually exclusive groups (Fig. 1). In each group, the districts were 
arranged in chronological order of team movement for the purpose of 
data collection. Therefore, a group consisted of exclusive teams and 
districts; that is, a particular group of teams covered a number of dis-
tricts chronologically (Fig. 1). Because only the rural parts of the dis-
tricts were selected, a homogenous environment within a group of 
districts should have provided considerably uniform results across teams 
and interviewers. Additionally, the use of comprehensive survey man-
uals, training protocols, and multilevel supervision should have helped 
standardise survey implementation procedures. Under such conditions, 
the interviewer variance should not vary significantly across the 
outcome variables. 

However, the present analysis clearly demonstrates the presence of 
interviewer-level variations in the selected outcomes at both the inter- 
and intra-field agency levels across the selected states. Eastern Madhya 
Pradesh, Rajasthan, and Bihar showed a higher interviewer level of 
variation across selected outcomes, underlining the critical role of 
agencies and skilled interviewers in different survey implementation 
designs. This highlights the nonuniform adherence to survey protocols, 
meaning that not all interviewers and agencies performed in a similar 
manner in the field. The study strongly recommends further examina-
tion of the interviewer field and agency effects, especially for the 
lengthier sections of the household questionnaire and in states with a 
larger sample size in order to modify the current survey implementation 
design and adopt new stringent measures to minimise non-sampling 
errors. 

Although NFHS follows an array of measures to standardise survey 
implementation protocols and minimise non-sampling errors, there may 

Table 3 
Estimated Variance from Cross-classified Multilevel Model for skipping of maternal and child health information at district, PSU and Interviewer level in selected 
states of India for selected outcomes, NFHS-4, 2015-16.  

State Levels ANC not availed Birth at home Health card not seen 

Variance 95% Credible interval Variance 95% Credible interval Variance 95% Credible interval 

Bihar District 0.252 0.136, 0 .437 0.175 0.097,0 .296 0.541 0.314, 0 .906 
PSU 0.854 0.752, 0 .962 0.729 0.634, 0 .826 0.706 0.584 0.830 
Interviewer 0.806 0.612, 1.045 0.065 0.038, 0 .098 0.563 0.412 0.748  

Rajasthan District 0.894 0.488, 1.508 0.659 0.366 1.129 1.432 0.800, 2.455 
PSU 0.768 0.512, 1.054 0.794 0.638, 0.954 1.163 0.928, 1.434 
Interviewer 0.978 0.668, 1.363 0.120 0.058, 0.195 1.103 0.751, 1.579  

Western MP District 0.244 0.106, 0.472 0.280 0.124, 0.547 0.054 0.007, 0.137 
PSU 0.982 0.766, 1.252 1.157 0.943, 1.402 0.689 0.550, 0.840 
Interviewer 0.933 0.646, 1.32 0.124 0.062, 0 .203 0.458 0.291, 0 .662  

Eastern MP District 0.683 0.315, 1.361 0.336 0.151, 0.649 0.117 0.036, 0.262 
PSU 0.608 0.424, 0.851 1.087 0.875, 1.332 0.538 0.385, 0.715 
Interviewer 1.371 0.940, 1.962 0.108 0.045, 0.197 0.444 0.295, 0.647  

Central UP District 0.816 0.352, 1.771 0.257 0.108, 0.546 0.161 0.034, 0.409 
PSU 0.724 0.461, 0.992 0.627 0.476, 0.797 0.571 0.412, 0 .763 
Interviewer 1.235 0.786, 1.879 0.024 0.001, 0.072 0.442 0.249, 0 .715  

Western UP District 0.75 0.369, 1.397 0.07 0.026, 0 .145 0.58 0.297, 1.070 
PSU 0.64 0.478, 0.819 0.58 0.476, 0 .692 0.61 0.460, 0 .782 
Interviewer 0.57 0.377 0.814 0.0001 0.000, 0.010 0.67 0.454, 0.973  

Eastern UP District 0.806 0.416, 1.474 0.207 0.098, 0.391 0.201 0.093, 0 .385 
PSU 0.450 0.335, 0.584 0.653 0.548, 0 .769 0.357 0.269, 0.451 
Interviewer 0.772 0.529, 1.098 0.015 0.001, 0 .038 0.369 0.241, 0.537 

Note: Model is adjusted for selected PSU and Individual level covariates; UP- Uttar Pradesh; MP-Madhya Pradesh 
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be numerous latent factors contributing to interviewer-level variance. 
Training is of utmost importance to follow a standard approach for data 
collection (Roy and Pandey, 2008). Highly motivated and well-trained 
interviewers are crucial for collecting data efficiently and maintaining 
survey quality (DHSM3, 2009). Training sessions include a detailed 
discussion on all questions, methods, and procedures of data collection, 
mock interviews, and field practice, followed by training assessment 
tests and retraining if needed (IIPS, 2015–16). Such detailed training 
equips interviewers with the appropriate skills and confidence for 
adequate field operations. However, individual interviewer factors, such 
as indolent behaviour, missing out on training sessions, minimal 
involvement in training, poor communication skills, and stubborn na-
ture, may negatively influence survey quality and create variability in 
the outcomes at the interviewer level. In addition, the sample size of the 
NFHS-4 increased by approximately five times. This increase in the 
workload of the field interviewers is associated with longer field work 
and, therefore, fatigue, which may potentially result in an erroneous 
collection of data or an intentional negative response to the opening 
question to avoid follow-up questions due to time constraints. 

Individual motivation to perform better in a challenging environ-
ment and the seriousness and sincerity towards the assigned task also 
contribute to the effort made to gather quality information from re-
spondents. For example, at times, the immunisation card is not readily 
available with a mother and the interviewer must wait until the mother 
finds the card. Under such circumstances, the interviewer may poten-
tially skip filling in the immunisation information through the card to 
meet the survey completion targets. Prior field experience with data 
collection may also contribute to better, or sometimes even poor, 
reporting on the selected outcome variables within a homogeneous rural 
setting through two pathways. Arguably, prior field experience may 
improve an interviewer’s understanding of the questionnaire, resulting 
in better performance. By contrast, with the successive movement of 
interviewers across districts, their field experience and repetitive expo-
sure to the questionnaire may result in intentional manipulation. This 
study confirms both types of clustering in NFHS fieldwork. 

Other factors, such as inappropriate articulation of questions, inat-
tentiveness, lack of knowledge of the local language, lack or loss of 
communication between FIs and respondents, non-cooperation from 
respondents, prior experience of survey implementation, and pressure to 
complete survey targets in an unfamiliar area may also result in 
interviewer-level variation in survey estimates (Johnson, 2009; Angle-
wicz, 2009; Pullum, 2018). More qualitative research is needed to obtain 
better insights into the factors that contribute to the interviewer effect in 
large-scale surveys. 

This study highlighted that the interviewer-level variance in NFHS-4 
estimates was disproportionate across the selected regions and states at 
the level of field agencies. This implies that not all field agencies fol-
lowed standardised field procedures. Such findings are of great impor-
tance as they underline the need to strengthen field operations and 
supervision. Apart from planning and training activities, supervision 
and field operation management are essential for minimising non- 
sampling errors in large-scale surveys (Roy and Pandey, 2008). In 
addition to a two-level supervision, it would be helpful to have spot 
checks, field check tables, frequent field visits by nodal agencies, 
random vigilance, recording parts of an interview, and revised training 
to reduce inter-agency interviewer-level variation. 

The findings shed light on the extent to which the magnitude of the 
interviewer effect varies across the selected outcomes. Women who had 
not availed ANC and whose children’s immunisation card was not seen 
by the interviewer had the highest interviewer-level variance. However, 
interestingly, among women who had given birth at home, interviewer- 
level variance was not significant in Uttar Pradesh. More distinguished 
interviewer effects were elucidated in the sections of the questionnaire 
which had a long series of follow-up questions, such as ‘ANC not availed’ 

and ‘immunisation card not seen’. These findings are similar to those 
reported by (Leone et al., 2021). 

Existing studies on paradata analysis show significant effects of 
interviewer characteristics on the quality of data recorded during a field 
survey (Pullum, 2018). Interviewer background characteristics, use of a 
translator during an interview in case of language mismatch, number of 
visits to a household, number of days the interviewer spent in the 
cluster, and duration of the interview during fieldwork (beginning, 
middle, or end of the fieldwork period) impact the data quality. These 
factors could explain the existing team-level variations in field opera-
tions in NFHS. A comprehensive collection and examination of para data 
analysis could provide more insight into the quality of data, especially 
on how lengthier sections of the questionnaire are dealt with by FIs from 
different FAs. However, the paucity of para data and its alignment with 
the unit-level data of NFHS restricts such empirical investigations. 
Nevertheless, there is considerable scope for analysing para data in 
India. 

In general, skipping critical questions requires examining the inter-
viewer effects on data quality. However, based on interviewers’ per-
formance in the field, the present study offers an intriguing insight into 
interviewer-level variations in data quality. Multivariate analysis 
revealed a notable effect of interviewer bias on data quality. The non- 
uniform clustering effects in the pattern of reporting are specific to 
certain sections of the questionnaire and to the interviewer conducting 
the survey operations. The study also highlights that interviewer-level 
variance is higher than PSU-level variance except for the outcome 
‘women who have given birth at home’. This study recommends a 
refined mechanism to improve data quality. Providing training with a 
particular focus on the issues and challenges faced by FIs during field 
operations may profoundly affect the quality of the data collected. 
Repeated in-depth surveys of interviewers could add a new dimension to 
the overall data quality and field operations. This would enable nodal 
agencies to study interviewer characteristics that are susceptible to 
erroneous reporting. Random vigilance of field agencies and in-
terviewers and regular field monitoring during the survey operations 
could work as a vital strategy to check the real-time data quality and 
resolve critical impediments to efficient survey implementation. By and 
large, it would help reduce the chances of interviewer-level variations in 
survey implementation. Most importantly, interviewers and teams 
should be sensitised to their crucial role in the country’s policy formu-
lation and the success of national programs. 
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