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Abstract
Existing quantitative claims about enforced disappearances in Punjab (India) between 1984
and 1996 are not based on defensible statistical methods. We present preliminary results
from a retrospective mortality survey in the rural region of Amritsar District designed to
measure lethal counterinsurgency violence. The survey used a hybrid sampling design which
combines probability-based random sampling with referral-based sampling. We explore the
dynamics of referral-based sampling through a presentation of classical survey estimation
methods and social network analysis metrics of the referral chains.
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1. Introduction
A significant challenge for all empirical research on protracted conflicts is establishing the magnitude, pattern and relative levels of responsibility for “what happened”
during a period of mass human rights violations. One of the first questions is always “how many people were killed?” Scientifically-defensible answers assessing the
magnitude of the events, and statistical analysis of patterns of pervasive violence,
can help to overcome partisan arguments about blame and victimization. Rigorous
statistics that quantify violence can de-politicize arguments, help end impunity and
begin the process of justice and reconciliation. Recently social scientists have drawn
on large-scale empirical data and statistical methods in such fora as international
tribunals as well as official truth commissions.1
One major challenge for social scientists, when seeking to make scientificallydefensible findings about the magnitude of sexual violence during armed conflict, is
the challenge of applying survey research methods to these settings. Both during and
after an armed conflict, the population may be unsettled and infrastructure and administrative structures may be damaged. As a result, sampling of population units
may be challenging. Further, when seeking to measure mortality retrospectively
through survey methods, one needs to employ a form of indirect sampling (Lavallée
2007). The need for indirect sampling arises because researchers often have limited
or no access to the target population but only access to related populations. In the
case of mortality surveys, direct access to the universe of the deceased is not available, so surviving members of the population are sampled and interviewed about
the survivorship of their kin.
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For example, Ball (2000a), Ball et al. (2003), and Silva and Ball (2006) used inferential statistical methods to clarify the magnitude and pattern of conflict-related mortality for official truth
commissions in Guatemala, Perú and Timor-Leste, respectively. Brunborg (2001), Tabeau et al.
(2002), and Ball (2000b), and Ball et al. (2002) contributed expert statistical evidence on killings
and refugee flows in cases presented before the International Criminal Tribunal for the Former
Yugoslavia.
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There are a number of major epistemological challenges to clarifying basic questions about the magnitude and pattern of conflict-related mortality during armed
conflict situations. Such challenges stem from issues associated with the measurement of elusive phenomena, the unsettled nature of the population, the difficulties in
gaining access to the affected population, and potential security and safety concerns
for both enumerators and respondents (Checchi and Roberts 2008).
In this paper, we seek to address some of these challenges through the use of a
referral-based sampling technique to retrospectively measure conflict-related mortality. We explore the case of conflict-related mortality, attributable to the State, in
rural Amritsar between 1984 and 1996. Our survey uses a hybrid sampling design
which combines probability-based random sampling with referral-based sampling.
This paper also presents some preliminary analysis of the survey data and its network structure. This preliminary analysis is intended to motivate the extension of
classical survey based estimates so that strong assumptions which underpin these
estimates can be relaxed.
This paper is structured as follows: in the next section, we provide motivation
for this research by presenting a brief overview of the human rights context in Northern India and describing the contours of contentious competing claims (advanced
by the government of India and human rights advocates) about the magnitude and
pattern of lethal counterinsurgency violence in Punjab. In Section 3, we describe
the scientific challenges when attempting to retrospectively estimate direct-conflict
mortality during an armed conflict. We note the opportunities and limitations of
both triangulation methods and survey-based methods, and argue that these two
approaches can be complementary. In Section 4, we describe the design of our
hybrid sampling approach to measure direct conflict deaths in the rural region of
Amrtisar District, Northern India. We outline how this design provides a means
to use the classical Horwitz-Thompson estimator if one makes strong assumptions
about the referral process (at the second stage of the sampling). Section 5 presents
the resulting estimates using the Horwitz-Thompson estimator, which constitute a
lower bound on conflict mortality in Amritsar district during the counterinsurgency.
Section 6 discusses the potential for extending this estimate based on analysis of
the social network underlying the referral process. In Section 7, we reflect on the
challenges involved in adapting existing adaptive/network sampling ideas to retrospectively measure direct conflict-related deaths. We outline four extensions to
refine and strengthen our preliminary estimates, before providing some brief concluding remarks in Section 8.
2. Background
Members of the Sikh community comprise 60% of the 24.4 million people in the
Northern Indian state of Punjab. Since independence, Sikh community leaders have
called for greater autonomy for Punjab, water rights, local control over agricultural
production and prices, and official recognition of the Punjabi language, among other
concerns. Tension between the Sikh community and the union government in Delhi
came to a head in the early 1980s, when the Indian Army deployed approximately
100,000 troops throughout Punjab as part of its counterinsurgency operations, codenamed Operation Bluestar. The government’s counterinsurgency operations were
a response to the increasingly violent acts being carried out by Sikh militants fighting for an independent Sikh nation of Khalistan, including extortion, bombings,

murder, and torture (Guha 2006, pp. 557–562).
Human rights groups and media reports have documented that, in the process of
carrying out this counterinsurgency, security forces engaged in torture, extrajudicial
executions, and enforced disappearances2 (Kumar et al. 2003). Indian authorities
have downplayed reports of abuses in Punjab as “aberrations” that have been addressed according to appropriate procedures.3 The Government of India’s official
response to the United Nations Working Group on Enforced and Involuntary Disappearances “denied the allegations that there may be several thousand cases of
disappearances in Punjab,” and stated, “Scrupulous care had been taken to protect
the rights of the individual under due process of law.” Furthermore, “wherever there
was any suspicion of police excesses, action was taken.” (United Nations 1994)
K.P.S. Gill, the director general of police during counterinsurgency operations,
described human rights violations as “random excesses” and wrote that “Wherever
such excesses were detected, action was inevitably taken. The real question is
whether a strategy of State Terrorism was adopted by the police; and the answer is
unequivocally in the negative.” (Gill 1997) He specifically responded to allegations
of enforced disappearances claiming: “Thousands of Sikh youth who had left for
foreign countries under fake names and documents were claiming to be missing
persons killed by security forces in encounters,” adding, “They are missing with the
consent of their parents.” (Puri 2007).
Human rights groups have rebutted the Indian government’s characterizations of
abuses as “random excesses” by offering widespread qualitative accounts of human
rights violations. These documentation efforts, however, are yet to conclusively
clarify whether the government’s counterinsurgency efforts were, in fact, a model
security operation or an example of the state suspending the rule of law and carrying
out mass human rights violations against insurgents and suspected opponents.
Our quantitative data collection and analysis, which includes a referral-based
survey in rural Amritsar presented herein, seeks to contribute new empirical evidence and defensible statistical findings to this important human rights debate. We
seek to move beyond some of the limitations of existing data and help place this
debate on stronger empirical and methodological footing. In particular, we seek
to clarify whether the alleged enforced disappearances and extrajudicial executions
committed by police and security authorities were “widespread” and/or “systematic.” Widespread in that such lethal violence was committed on a large-scale at
the population-level, and systematic in the sense that the pattern of these events is
consistent with the hypothesis that they are the result of a specific plan or set of
official practices.
Our work seeks to build on the efforts of community-based projects, human
rights initiatives, and government-sponsored registration processes (Silva et al. 2009).
The state of Punjab has a population of over 24 million people and existing qualitative research suggests that there may have been as many as 10–20,000 direct-conflict
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deaths attributable to state forces during the 1984–1996 counterinsurgency operations. Hence, as an initial starting point we focus our analysis on the rural areas
of Amritsar district to test the scalability of our referral-based sampling technique
and explore opportunities to triangulate such referral-based sample data with other
existing data sources via multiple systems estimation.
3. Description of Research Problem
3.1

Existing Research on the Problem of Incomplete Data Sources

When evaluating the magnitude and pattern of conflict-related mortality during
armed conflicts, social scientists often rely on either available population census
data, convenience sample data, retrospective mortality data or a combination of
these data sources. By its nature, each convenience source is vulnerable to bias and
error. Exclusive reliance on a single convenience sample can produce misleading conclusions about both the actual pattern and the actual magnitude of direct-conflict
deaths. As an example, Ball et al. (1999) showed that direct-conflict deaths reported by convenience-sample data systems, such as media reports, were inversely
correlated with violent deaths reported in interviews in Guatemala during the most
intense years of that conflict. It has also been shown that retrospective mortality
surveys of conflict-related deaths that draw on classical survey sampling methods
are effective in estimating relatively common conflict-related deaths among the general population. However, they are inefficient and prone to considerable sampling
error in estimating deaths that are relatively rare and hidden amongst the general population (Spiegel and Salama 2000). Further evidence of the incomplete
and biased nature of data on conflict-related mortality during armed conflict was
generated in Timor-Leste by Silva and Ball (2006). They showed that classical
survey methods were effective in retrospectively estimating the magnitude and pattern of famine-related deaths common among the general population, but subject
to considerable error and uncertainty when used to estimate the highly-targeted
phenomena of killings and disappearances (Silva and Ball 2008). Lastly, population
census data on communities in affected areas are subject to substantial data quality
and coverage defects, which leads to incomplete records (Heuveline 1998). Indirect
estimation techniques that draw on population census data are difficult to adjust
for the considerable internal and external conflict-related migration that may have
occurred. Further, such national-level census data by themselves rarely provide the
level of precision needed to examine conflict-related mortality which is concentrated
in a particular region of the country or experienced almost exclusively by a small
minority or subpopulation.
3.2

The Importance of Developing Quantitative Estimates of ConflictRelated Mortality

When the world considers mass human rights violations, among the first questions
is “How many?” Scientifically-defensible answers about the statistical patterns and
overall magnitude of massive violence can depoliticize arguments about the past.
Rigorous statistics about violence help to overcome partisan arguments about blame
and victimhood, instead fostering honest debates about truth, accountability and
reconciliation. The moral legitimacy of international human rights and humanitarian work rests on practitioners’ claims that they seek to uncover the truth about

complex, politicized situations, and to ensure that the human rights and humanitarian response to such situations is guided by an accurate assessment of what
happened.
International human rights norms and international humanitarian law have
grown over the last 60 years to provide an important set of widely-accepted principles and norms. As Seltzer (2009) notes, these bodies of law provide a detailed
framework for understanding and organizing evidence from situations where largescale human rights violations have taken place. In this vein, a diverse array of
professionals from many disciplines have begun to apply quantitative methods to
engage basic questions of magnitude and pattern. Such questions include: “How
many conflict-related deaths resulted from armed hostilities?”, “Does the pattern
of conflict-related mortality suggest that these acts were part of a plan or policy by
those responsible?” and “Were certain subpopulations of the community more vulnerable, or even targeted by those responsible for the resultant human suffering?”
Specialists engaging such questions include statisticians, demographers, epidemiologists, sociologists, political scientists, anthropologists, and economists. The context
for this work has been wide-ranging, and includes efforts to organize and improve
humanitarian and public-health interventions during armed conflict, the historical
clarification of what happened during the conflict, the organizing of evidence for domestic and international prosecutions of those most responsible, and efforts to shape
institutional reform of organizations which either directly or indirectly contributed
to conflict-related mortality. However, regardless of the varied contexts and forums
in which such work is developed, the scientific quantification of mass human rights
violations seeks to move beyond partisan rhetoric and informal anecdotes. Such
analyses seek to identify errors and biases and quantify the uncertainty. Rigorous
quantitative conclusions can be tested according to clear and well-established scientific standards. When quantitative data in the service of human rights fail these
standards, the credibility of the human rights enterprise and of the entire victim
population can be brought into question. Statistics in the service of human rights
must be transparent, reproducible and defensible.
3.3

Previous Survey Based Approaches to Measuring Elusive Phenomena such as Direct Conflict Deaths

Survey implementation is often haphazard and vulnerable to considerable bias during complex humanitarian emergencies, which leads to several methodological limitations. In most crises, the population at risk is rarely stable. Lists of households
are non-existent and the residential layout is chaotic, making simple or systematic
random sampling difficult. As a result, survey researchers often resort to multistage cluster sampling when trying to estimate conflict-related mortality in such
situations. Cluster sampling, although easier to implement, is vulnerable to large
imprecision and high design effects, which yields large confidence intervals, hampering the interpretation of estimates.
Conflict-related mortality can usually be broken down into direct and indirect
conflict-related deaths. Direct deaths refer to those deaths which result from acts
of violence such as killings, disappearances and armed hostilities. Whereas indirect
deaths refer to those deaths which do not result directly from violent trauma in a
conflict, but by the deterioration in health services and food access plus increased
risk of disease attributable to the violence. These two types of deaths are rarely

distributed in similar ways. Direct-violence deaths tend to be elusive, and targeted
at certain particular subpopulations. Whereas indirect-violence deaths, particularly in communities with only basic transportation, health and communications
infrastructure, tend to occur at a population-level.
Silva and Ball (2008), in their study of Timor-Leste, have noted the particular
issues related to conflict-related mortality in conflict-zones. In particular, they find
that classically-designed sample surveys are appropriate for estimating populationbased phenomena (such as famine deaths, in the case of Timor-Leste), but are
subject to considerable uncertainty for highly targeted and elusive phenomena (such
as direct political violence deaths in Timor-Leste).
The development of sample survey techniques to estimate conflict-related mortality in an unsettled environment poses two major challenges:
• Designing a sampling strategy that is able to efficiently document the “hidden”
phenomena of direct conflict mortality whereby the selection probability of an
individual can be explicitly calculated;
• Developing appropriate survey estimation techniques to estimate conflictrelated mortality by sampling surviving relatives of the victims of conflictrelated deaths.
Recent advances in the statistical sampling of elusive phenomena seem particularly promising for conflict-related mortality researchers. In particular, adaptive
sampling designs and respondent-driven sampling have shown much promise when
measuring hidden, vulnerable populations. In contrast to conventional sampling
designs, adaptive sampling makes use of values observed in the sample to determine
additional units to be sampled.
In adaptive sampling, the sampling statistician specifies
• the initial sampling design (prior to any adaptive sampling)
• the initial sample size
• the description of the neighborhood for a sampling unit
• the condition that triggers or initiates adaptive sampling at a sampled unit
The neighborhood is specified in advance of sampling and is not adaptive. If the
y-value (response) of a sampled unit satisfies the condition for adaptive sampling,
say, y ∈ C, then the unit’s neighborhood is added to the sample. If any other
units in that neighborhood satisfy C, then their neighborhoods are also added to
the sample. The process continues until a cluster of units is obtained that contains
a “boundary” of edge units that do not satisfy C. The final sample consists of n1 ,
not necessarily distinct, clusters, one for each unit selected in the initial sample.
If many of the units satisfy the condition, then the sample could consist of most
of the units in the population, and hence be very costly. Thus, the design is most
appropriate when the characteristic of interest is highly aggregated or clustered
(Thompson 1991).
Adaptive sampling techniques are particularly effective for sampling “hidden
populations” for which researchers do not have a reliable sampling frame. Adaptive

sampling is a new survey sampling design in which sampling regions, defined as
“units,” are selected based on values of the variables of interest observed during a
sampling survey. In a conventional sampling design, the selection for a sampling
unit does not depend on previous observations made during an initial survey; entire
sampling units are selected before any physical sampling in the field ever takes place.
Therefore, conventional sampling guarantees that the calculated statistics will be
unbiased. To use the adaptive sampling technique, however, different estimators
must be implemented to guarantee unbiasedness.
The development of sample survey techniques to estimate conflict-related mortality across rural areas of Amritsar District poses two major challenges. First, we
must design a sampling strategy that is able to efficiently document the “hidden”
phenomena of conflict-related mortality. This requires that the selection probability
of an individual death can be explicitly calculated. Then we develop survey techniques to estimate conflict-related mortality from responses of surviving relatives of
the victims of conflict-related deaths.
Demographers refer to populations such as those individuals who were disappeared between 1984 and 1996 in Punjab as “hidden populations” or “elusive populations.” Hidden populations are defined by two key characteristics. First, they
are rare at the “global” population level. Second, there is a lack of comprehensive
member registries that could be utilized as a sampling frame to aid estimation of the
total magnitude and nature of the hidden population. Sudman et al. (1988) discuss
the challenges involved in sampling hidden populations. In particular, they note
that the use of classical, probability-based sampling techniques to measure hidden
populations are inefficient, expensive and subject to very large standard errors. As
a consequence of the weakness of classical sampling methods, we use quasi-adaptive
sampling methods.4
In this paper, we develop a quasi-adaptive sampling strategy, which combines
both probability-based random sampling (at the first sampling stage) and adaptive sampling (at the second stage), to measure the random data omissions of
lethal violence in Amritsar. Such a design circumvents the inefficiencies of classical, probability-based random sampling for measuring a hidden population by
exploiting the strengths of adaptive sampling (Félix-Medina and Thompson 2004).
Furthermore, this design strategy ensures that we can use classical, probabilitysampling estimators that are consistent and unbiased, unlike some of the available
adaptive sampling estimators. This design utilizes the post-conflict stability of administrative regions in Punjab and the strong social networks of the families of the
victims of enforced disappearances.
4. Data and Methods
This survey was conducted jointly by the Benetech Human Rights Data Analysis
Group and Ensaaf. It was sponsored by the Echoing Green Foundation and the
Sikh Spirit Foundation. The purpose of the survey was to
• assess the magnitude and pattern of lethal violence in rural Amritsar which
was part of the State’s counterinsurgency in Punjab between 1984 and 1996,
4
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• understand the context and modes of lethal violence used in rural Amritsar
during this period, and
• understand the needs and support sought by the families of victims of lethal
counterinsurgency violence in rural Amritsar.
4.1

Survey Design

The survey was conducted in July and August 2009. A structured questionnaire,
specifically designed and pilot-tested for this study, was used to collect the data.5
This questionnaire was written in Punjabi and all interviews were conducted in
Punjabi. An English version of the survey questionnaire is available at www.hrdag.
org/about/india-punjab.shtml. The Punjabi-language version of the survey is
available from the authors, upon request. A field survey team of 12 individuals
working in teams of two collected the data. Two field supervisors oversaw the
survey data collection process.
We designed the survey to study the following reference population: victims of
lethal counterinsurgency violence who were killed or disappeared any time between
1984 and 1995 and who were residents of rural Amritsar at the time of their death
or disappearance. Given the effects of migration between 1996 and the time of the
survey, this sampling plan is expected to result in a downward bias when estimating
the magnitude of lethal counterinsurgency violence in rural Amritsar between 1984
and 1996.
We used a referral-based sampling plan. We first randomly selected 190 village
clusters proportional to population size (see Section A.1 for details of the sampling
frame and sampling procedure). In each sampled village, we then interviewed at
least two primary referral points which included local village officials or elders.
Primary referral points included:
• Sarpanches: the elected chief administrator of the village
• Bazurgs: groups of village elders who are highly visible in the village
• Chowkidars: village-level government officials who record vital events within
the village
• Other village members who are well-known and well-respected within the village. These included granthis (Sikh religious clerics), local shopkeepers, or
local school principals.
These primary referral points were asked for referrals to families “who experienced
an enforced disappearance and/or extrajudicial execution between 1984 and 1995,
and were resident in the sampled village during that time.” The survey team then
attempted to interview all such families still resident in the village. The survey field
team then documented the details of any lethal violence incidents which this family
experienced and also asked them for further referrals to other families resident in
the sampled village who had experienced acts of lethal violence. All referrals from
both primary referral points and families were followed exhaustively.
5

We conducted six rounds of pilot-testing to refine the questionnaire between August 2007 and
May 2009. These rounds of pilot-testing were carried out in three regions of Punjab: Amritsar,
Hoshiarpur and Sangrur.

5. Survey Findings
The referral process described in Section 4 is an efficient means of finding rare
families who experienced a death during the conflict, but it did not find all of them.
Section 5.2.4 discusses some of the reasons why the referral process missed some
families, and Section 6 discusses the potential of methods based on social networks to
handle this bias. However, classical survey estimates based on the number of victims
we did find, based on the assumption that we found all victims, are nonetheless
useful as a lower bound on the magnitude of conflict-related mortality.
5.1

Findings from Classical Survey-Based Estimates

By applying the Horwitz-Thompson estimator (Horvitz and Thompson 1952), we
estimated that a lower bound of approximately 1,865 on the number of people killed
or disappeared in rural parts of Amritsar between 1984 and 1996 by the Indian
and Punjab state authorities as part of the State’s counter-insurgency campaign
against Sikh non-state armed actors. The 95% confidence interval around this point
estimate is (1,588, 2,142).6 This estimate is broadly consistent with convenience
sample data sources on lethal state violence in Amritsar District. For example, the
Committee for the Coordination on Disappearances in Punjab (CCDP) obtained
lists compiled by the police’s Central Bureau of Investigation (CBI) about illegal
cremations carried out by the Punjab Police in Amritsar District. These CBI lists
documented a total of 2,098 bodies which were “illegally cremated” under police
orders (after the deceased had been allegedly “disappeared” by the police): 582 fully
identified bodies, 278 partially identified bodies, and 1,238 unidentified cremations
(Kumar et al. 2003). However, these sources report violent deaths, attributed to
the state, that occurred in both rural and urban areas of the district.7
In Table 5.1, we present estimates disaggregated by salient demographic and geographic variables. These include estimates of lethal violence attributed to the state
disaggregated by whether the victim was Amritdhari,8 the lethal event occurred in
a border village (i.e. a village within 15 km of the Pakistani border), and by the
age of the victim.
Table 5.1 shows that, across the rural population of Amritsar district, individuals
who were either Amritdhari, reported to be not part of the militancy or between
the ages of 20 and 29 were notably more likely to suffer a lethal violence death.
These findings are consistent with some hypotheses advanced by human rights
advocates in India (Kumar et al. 2003; Kaur and Dhami 2007; Silva et al. 2009). In
particular, our survey estimates support the claims
6

See Section A.2 for details of the variance estimation method which we used to construct this
confidence interval.
7
Since these convenience samples lack the same precision in geographic reporting as our mortality
survey, it is difficult to know exactly what proportion of lethal deaths reported in the Tribune,
cremation ground records, NHRC documents, etc. occurred in “rural” Amritsar and which occurred
in “urban” Amritsar.
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An Amritdhari Sikh is someone who has received baptismal vows of the Khalsa initiated by
Guru Gobind Singh. An Amritdhari Sikh abides by these vows and follows the “panj kakari rahit”,
by wearing or displaying five distinctive symbols introduced by the Guru. These include a kesh
(long unshorn hair and in case of men, uncut beard), kangha (a comb to keep the hair tidy), kirpan
(a sword), kara (a steel bracelet worn about the wrist), and kaccha (a short undergarment).

Disaggregation Variable
Characteristic
Value
Border Status
Border Village
(per 10,000 persons)
Non-Border Village
(per 10,000 persons)
Amritdhari Status Amritdhari
Non-Amritdhari
Militancy Status
Militant
Non-Militant
Age-Group
13–19
20–29
30–39
40–49
50+

Point
Estimate
738
9.7
1,127
10.1
1,098
757
660
1,198
299
1,109
266
98
55

Lower
95% CI
533
7
886
7.96
932
596
520
990
220
911
198
63
30

Upper
95% CI
943
12.4
1,369
12.3
1,264
917
799
1,406
379
1,308
335
134
80

Table 5.1: Disaggregated Estimates of Killings and Enforced Disappearances that
were attributed to the State and occurred in rural Amritsar between 1984-1996

• that more Amritdharis (or baptized Sikhs) were the victims of state-attributed
lethal violence than non-Amritdharis,
• that most victims of state-based lethal violence were young males of military
age, and
• that the police, although claiming to carry out a focused counterinsurgency
against members of the militancy, ended up killing and disappearing a sizable
number of individuals who were not known to have any links to the militancy.
However, our survey-based estimates of lethal counterinsurgency violence in border villages compared with non-border villages are inconsistent with the hypotheses
of human rights advocates. Human rights advocates have hypothesized that border
villages were more vulnerable to direct conflict deaths, theorizing that the police
employed the tactic of mass disappearances more frequently in areas close to the
Pakistan border. This theory was based on a belief that the Sikh insurgents were
strongly supported by the Pakistan intelligence operations from across the border.
As Table 5.1 shows, we estimated that border villages and non-border villages experienced similar per-capita levels of lethal counterinsurgency violence. However,
our definition of border village is somewhat coarse, as we defined a border village as
one which is within 15km of the Pakistan border. Yet it is likely that the notion of
border village is more likely to be associated with the police districting boundaries.
As such, we plan to carry out post-stratification by this more nuanced definition of
“border village.”
A key type of policy-relevant question concerns systematic targeting of certain
individuals. In order to investigate claims of disproportionate “targeting” of individuals with certain demographic, religious or resident profiles, we would need
to assess the relative risk of experiencing lethal violence for these different groups.
Such an analysis requires that we have population-level data for the rural parts
of Amritsar district disaggregated by these variables. However, such fine-grained
population data is not currently available for rural parts of Amritsar district.
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Figure 1: Estimated number of killings and disappearances by year. 16% (79/506)
of reported deaths had an unknown date or occurred outside the scope of the survey.

Figure 1 shows our Horwitz-Thompson survey-based estimates disaggregated
by year. We estimate that there was a notable and consistent increase in killings
and enforced disappearances in rural Amritsar up to 1992, when the phenomena
was at its most intense. After 1992, estimated lethal counterinsurgency violence
declines rapidly to almost zero by 1994. These estimates are consistent with qualitative reports and existing convenience sample data which suggest that enforced
disappearances and extrajudicial executions were overwhelmingly concentrated in
the early 1990s when the government intensified its counterinsurgency operations
against alleged militants (Silva et al. 2009). The relatively small size of the confidence intervals suggest that despite the phenomena of enforced disappearances and
extrajudicial executions being “hidden” or “elusive” at the population level, the
hybrid, referral-based sampling scheme was relatively efficient.
5.2

General Limitations of Survey-based Data and Estimates

Almost all data on conflict-related mortality are incomplete. Each data source
has its strengths and weaknesses. The challenge for analysts is to understand these
strengths and weaknesses and specify appropriate inferential models and methods to
account for different types of incompleteness. Convenience sample data on conflictrelated mortality is almost always subject to notable types of selection-bias (Gohdes
2010; Ball and Price 2010). Statisticians and demographers have employed capturerecapture and multiple systems estimation methods to try and account for and
model such selection biases (Ball et al. 1999). The use of retrospective mortality
data to estimate conflict-related mortality involves different, yet related, challenges
of incomplete data and reporting bias (Silva and Ball 2008; Checchi and Roberts
2008; Spagat 2010).
The referral-based survey design, which we used in Amritsar, is subject to the

following limitations:
• recall bias,
• survivorship bias,
• migration effects, and
• assumptions about the referral process and underlying social networks of the
sampled population.
In the following paragraphs, we discuss each of these challenges, in turn.
5.2.1

Recall Bias

All retrospective surveys on mortality are subject to some form of recall bias (Som
1970). In classical demographic surveys, recall lapse by the respondents often manifests itself in the form of rounding error when reporting dates or displacement from
one age group to another (Pullum and Stokes 1997). Such classical mortality surveys are characterized by a uniform kin relationship between the respondent and
the member of the reference population. For example, in child mortality surveys
such as UNICEF’s Multiple Indicator Cluster Survey (MICS) program, adult females in sampled households are interviewed about the survivorship of their children
(UNICEF 2005). However, in our referral-based sampling design there is notable
heterogeneity in the relationship between the respondent and the member of the
reference population (i.e. the deceased person). Sometimes, the respondent reports
the death of their spouse, other times their husband, brother, son or another member of their kin network. Table 5.2 reports the observed frequencies of kin relations
between the respondent and deceased in our referral-based sample. This table show
the mix of kin relations reported on by respondents in our referral-based sample.
Each bar chart in Table 5.2 shows how often the given date was recalled to a precision of multiple years, one year, one month, or one day. Death dates were recalled
with more precision than birth dates. Death date recall was relatively homogeneous
across different respondent-victim relationship types, but recall of birth dates was
not.
For different kin relations we observed different levels of precision in the reporting of date and age information, as shown in the bar charts in Table 5.2. For
example, we note that, on average, victims’ parents were able to report on their ages
more precisely than their spouses or children. On the other hand, recall of the date
of death or disappearance had a similar precision across a variety of relationship
types. This variation suggests that recall lapse in this type of survey is somewhat a
function of the type of kinship relations between the respondent and the deceased.
Given the flexible design of the survey and referral process, this introduces added
heterogeneity in the precision of recall and reporting by respondents.
Because the deaths and disappearances occurred 15–25 years before the survey,
we included a number of date probes to follow up when the recall of the date was
imprecise. We asked respondents if they recalled other information about the date,
such as the time relative to the India-Pakistan war, the season, or the month of the
Nanakshahi calendar. The Nanakshahi calendar is a twelve-month solar calendar
used to track Sikh holy days and is widely used in Punjab. We found that for 19%

Relationship

Recall Precision
Birth Date
Death Date

Interviews

Child

187

Sibling

0.75

0.75

0.50

0.50

0.25

0.25

0.00

Multi−Year

Year

Month

Day

163

Multi−Year

Year

Month

Spouse

53

Multi−Year

Year

Other

103

Multi−Year

Year

0.00

Multi−Year

Year

Month

Day

Day

Multi−Year

Year

Month

Day

Month

Day

Multi−Year

Year

Month

Day

Month

Day

Multi−Year

Year

Month

Day

Table 5.2: The number of interviews and recall precision for respondents of various
relationships to the victim they reported.

(94/506) of birth dates and 12% (59/506) of death dates, these probes succeeded in
determining the date with more precision than the initial date question.
5.2.2

Survivorship Bias

In retrospective morality surveys, survivorship bias refers to the systematic error
which results when deceased individuals have zero probability of being reported
in the survey since none of the members of their kinship network survive to the
time of the survey. Such survivorship bias has become an increasing challenge
in mortality surveys focused on infant/child mortality carried out in high HIVprevalence countries (Gregson et al. 2009). As systematic bias results from the high
correlation between mother and child survivorship, when the mother is HIV-positive.
In Timor-Leste, Silva and Ball (2008) noted the survivorship bias challenges of
measuring famine-related deaths using a retrospective mortality survey.
Our referral-based survey design is likely to be subject to some survivorship bias.
But given the targeted nature of direct conflict deaths during the counterinsurgency
in Amritsar, it is unlikely that a notable number of the deceased have no surviving
next of kin.
5.2.3

Migration

Our sample was effectively drawn thirteen years after the end of our reference period.
During those thirteen intervening years, there has been notable migration into, out
of and within Amritsar district.

Rural laborers from outside of Punjab and other parts of the state, seeking
higher wages than what is available in Bihar and Rajastan, migrate into rural parts
of Amritsar for seasonal agricultural work (Kainth No Date). Also, young individuals and families often migrate (temporarily or permanently) to urban areas for
educational or professional opportunities. During the pilot testing for this survey
and the actual survey, we also received reports from sarpanches and bazurgs that
some families who experienced conflict-related death attributable to the state migrated away from their home village after receiving police harassment as they tried
to seek an effective remedy from the State.
Migration of conflict-affected families away form where they were resident may
cause disruption to their social networks at the local or village level. As a result,
this may affect the reliability and completeness of the referral sampling process.
Nevertheless, the effect of migration on the sampling plan is likely to result in
a systematic under-estimation of enforced disappearances and extrajudicial executions. As such, migration effects are likely to lead to more conservative mortality
estimates using this referral-based design.
5.2.4

Exhaustive and Error-Free Referrals Process

Our one-stage cluster design assumes that social networks are completely observable
and that the survey referral process is exhaustive and error-free. This is most likely
an unrealistic assumption, given that social knowledge is likely to be incomplete
(due to such factors as recall errors, migration effects in between the end of the
counterinsurgency and the survey, etc.) and given that Punjabi society is highly
stratified. In addition to potential incompleteness in the referral process from primary referral points, we also need to identify and control for potential biases resultant from when primary referral points may systematically have a tendency to
make referrals to particular subpopulations rather than others. This would lead
to an over-representation of some subpopulations and an under-representation of
others in the estimated total victim population. In short, this would result in a
systematic bias in the composition of the reference population.
In the next section, we present preliminary analysis of the dynamics of the
referral process and the characteristics of social networks of the families of the
disappeared in rural Amritsar. We present a series of descriptive social-network
statistics and visualizations which show the heterogeneity of the referral process
across different dimensions. These explorations serve to quantitatively characterize
the structure of the referral networks. We also study the demographic characteristics
(such as age, sex, religion, caste and socioeconomic status) associated with the
referral chains within the sampled villages. This analysis of referral dynamics is the
basis for determining the coverage rate of the referral-based sampling in villages
within which caste and socioeconomic status may influence social knowledge and
social relations.
6. Network-based survey estimates
6.1

Review of Social Network Based Estimation Methods

For the reasons outlined in the preceding section, the referral process of this survey
(and referral processes in general) cannot enumerate every member of an elusive

population. It may nevertheless be possible to estimate the number of victims not
interviewed based on the structure of the social networks that drive the referral
process. There are two broad classes of survey design and analysis driven by social
network analysis: model-based methods and design-based methods.
6.1.1

Model-Based Social Network Estimation

Model-based methods for estimating the size and attributes of populations sampled
through referral-driven processes use information about respondents’ social network
observed during the survey to fit a model of the social network. This network model
is then used to estimate the selection probabilities of each observed unit, which can
in turn be used in standard unequal-probability estimators such as those by Horvitz
and Thompson (1952).
A variety of social network models has been employed for survey estimation,
including exponential family random graph models (van Duijn et al. 2009) and
latent spatial models (Hoff et al. 2002). Thompson and Frank (2000) describe
maximum likelihood estimation of both network and population parameters. This
work is extended using Bayesian estimators by Chow and Thompson (2003). Recent
work by Handcock and Gile (2010) looks at the problem of missing data (unobserved
networks links, realized in our survey as withheld referrals) and possible solutions.
6.1.2

Design-Based Social Network Estimation

In contrast to model-based estimation methods, design-based methods do not attempt to model the structure of the social network which drives the referral process
and instead derive sampling probabilities for each respondent based on local network information about that unit, especially its degree, combined with a randomized
referral-following procedure which puts a non-zero probability of selection on every
member of population (Thompson 1990; Frank and Snijders 1994; Thompson and
Seber 1996).
Both model-based and design-based estimators for populations sampled via referral processes make many assumptions about the structure of the network being
sampled and the referral process itself. Design-based estimators usually involve
stronger assumptions (Kwanisai 2006), but both classes of estimator rely on fairly
strong conditions which are not often met in practice, such as:
• Respondents refer you to all other families in the hidden population which they
know (perhaps up to a limit imposed by the number of recruitment coupons
issued).
• In cases when respondents do not refer everybody they know, they select
whom to refer at random.
• In cases when respondents do not refer everybody they know, they accurately
report the number of people to whom they could have referred. That is,
respondents know and accurately report their own degree.
• The network is fully connected.
• The network is reciprocal, i.e. if family A refers to you family B, then family
B would also refer you to family A.

Non-Response

Type of
Primary
Referral Point

Sampled

Sarpanch
Ex-Sarpanch
Bazurg
Chownkidar

159
64
216
41

Consented

Refused
Consent

Not
Contacted

Referrals
Made

In-sample
Referrals
Followed

140
57
211
38

2
0
4
0

15
6
1
2

283
143
492
65

188
57
240
42

Table 6.1: Summary Statistics of Primary Referral Process

• The probability that two families know each other is determined by attributes
of the families (e.g. caste or education level).
Our survey in Punjab did not collect enough information to enable us to calculate network-based survey estimates or to evaluate whether all of the assumptions
required by such methods hold for the families of victims of state violence in Punjab. We can nevertheless learn a lot about the referral process and the potential for
future network-based estimates by examining the dynamics of the referral process
observed in our survey. The next two subsections describe the referral process we
observed, including the nature of our primary referral points, the types of referrals
they gave, and homophily in the family-to-family referral process that followed.
6.2

Primary Referral Process

Table 6.1 summarizes the primary referral process in the survey. We note that for
the two main types of primary referral points, sarpanches and bazurgs, we observe
similar in-sample referral rates. This is interesting given that the primary referral
points are notably different in terms of their social position and community function: Sarpanches are village officials who are popularly elected through regularly
held elections. They effectively are the head of the village, and they chair the village
panchayat (or assembly). Many villagers interact with the sarpanch for administrative reasons such as sorting out identity card matters and getting documents
authorized. Bazurgs are highly visible sets of village elders. They are often found
in central areas of the village, especially around the gurdwara. They are almost
always collections of males who have lived for long period times in the village, often
for their entire lives. The survey field team sampled a relatively small number of
chowkidars as primary sampling points. Chowkidars are village-level government
officials who are employed to record births, deaths and marriages within the village.
They often carry out other work on the side and can therefore be difficult to locate
at short notice.
As discussed, we used a referral-based sample design as a way of indirectly
sampling our reference population. Figure 2 shows a referral network from one of
the villages in our survey, as an example to illustrate typical referral dynamics.

Tehsil

No. Sampled Villages

Ajnala
Amritsar I
Amritsar II
Baba Bakala
Khadur Sahib
Patti
Tarn Taran

36
22
22
25
17
28
35

Mean No.
of
Primary Referral
Points
2.46
2.09
1.76
2.46
2.41
3.07
2.54

Mean Number of
Secondary Referral Points
1.85
2.23
2.75
3.56
4.90
5.12
3.96

Table 6.2: Mean number of Referral points per village cluster for each Tehsil

6.3

Sources of Potential Bias in Link-Tracing Designs

There are a number of sources of potential bias we need to be aware about when
we use adaptive link-tracing designs. These include biases resulting from the choice
of initial sample, homophily/inbreeding, potential volunteerism of respondents, and
oversampling of individuals with large personal network size (Heckathorn 1997).
The two sources of potential bias which we will investigate in this paper are: biases
resulting from the choice of initial sample and the homophily/inbreeding bias.
6.3.1

Examining biases associated with the choice of initial sample

In many adaptive sampling designs, given that the reference population is elusive
and difficult to document, the initial sample is drawn from a convenience sample
list. For example, in adaptive link-tracing designs of homeless people in urban areas, researchers often choose their initial sample from administrative lists from local
homeless shelters. A critique of this type of design is that the resulting sample is
heavily influenced by the initial sample selection, which often is not representative
of the reference population. In our referral-based sampling design, we sort to minimize initial sample bias by selecting our initial sample via a 1-stage cluster sample
design, whereby village clusters were chosen proportional to the population size and
the sample itself was stratified into border village clusters and non-border village
clusters. Within each sampled village cluster, we then interviewed primary referral
points (namely sarpanches, ex-sarpanches, bazurgs, chowkidars and other village
contact points) within these villages as a means to be referred onto families who
experienced lethal violence during the counterinsurgency period.
One way to visualize the referral process is as a directed graph or network. When
examining such networks, social scientists use measures of centrality to characterize
the connectedness of the network being studied. In our referral-based sampling
situation, we can use measures such as closeness and outdegree to examine the
relative centrality of the different primary referral points. Closeness is the degree an
individual is near all other individuals in a sampled village (directly or indirectly).
It reflects the ability of the sampling process to access information about lethal
violence deaths which occurred in the sampled village through the social network of
the referral points. The degree is the count of the number of links to other referral
points in the social network and is a simple metric of the connectedness of a referral
point to families of lethal violence resident in the sampled village.

Figure 2: The referral network for the village of Johal Raju Singh, in Tarn-Taran,
Punjab. The S- and B- nodes at the top represent the sarpanch and bazurg primary
referral points, and the F- nodes represent interviewed families. An arrow from one
node to another represents a referral.
As can be seen in Table 6.3, the outdegree of both sarpanches and bazurgs
is similar. This indicates that at a coarse and aggregated level these two primary
referral points on average have a similar number of links to families of lethal violence
resident in the sampled village, whereas chowkidars make less than half as many.
Node Type
Bazurg
Family
Sarpanch

Betweenness
0.00
1.04
0.00

Closeness
0.17
0.01
0.20

In degree
0.00
1.94
0.00

Out degree
2.38
0.77
2.22

Table 6.3: Mean network descriptive statistics by referral network node type.

6.3.2

Homophily bias

Table 6.4 shows that primary referrals by sarpanches were overwhelmingly towards
families of the highest Jat caste. Similarly, primary referrals from bazurgs were
also overwhelmingly towards high-caste Jat families, regardless of the caste of the
bazurg. A key challenge here is to distinguish between caste-based referral bias and
potentially disproportionate targeting of people of the Jat caste.
Amongst secondary (or familiy-to-family) referrals, we do observe strong homophily along caste: meaning that family-respondents make referrals to other
family-respondents in the same village who are of a similar caste (see Table 6.5).
We also observe strong homophily when the reported victim was a militant, i.e.
families of militants have a strong tendency to make referrals to other families of

Jat
Khatri
Ramgarhia
Mazbi
Dalit
Other
Unknown

Jat
167
3
0
42
3
12
190

Khatri
0
0
0
0
0
0
0

Ramgarhia
3
0
0
1
0
0
6

Mazbi
22
0
0
4
0
2
32

Dalit
0
0
0
0
0
0
0

Other
9
0
0
5
0
3
13

Unknown
2
0
0
1
0
0
7

Table 6.4: Caste homophily of primary referrals

Jat
Khatri
Ramgarhia
Mazbi
Dalit
Other
Unknown

Jat
265
0
4
10
0
14
0

Khatri
0
0
0
0
0
0
0

Ramgarhia
5
0
1
1
0
1
0

Mazbi
14
0
1
6
0
9
0

Dalit
0
0
0
0
0
0
0

Other
16
0
0
3
0
2
0

Unknown
2
0
0
0
0
0
0

Table 6.5: Caste homophily of secondary referrals

militants who were killed during the counterinsurgency. The converse is not true,
however: families of non-militant victims gave about as many referrals to militant
as non-militant victims (see Table 6.6).

Non-militant
Militant

Non-militant
181
57

Militant
62
54

Table 6.6: Militancy homophily of secondary referrals
Yet, we observe that family-respondents are equally likely to make referrals to
families with militant victims and non-militant victims irrespective of their political
party affiliation.
This exploratory social network suggests that there is notable heterogeneity
in the referral process along salient demographic and other characteristics, such as
caste and militancy status. Thus assumptions that the referral process is exhaustive
and error-free are likely to be unrealistic. Further, the referral process appears to
be vulnerable to homophily bias.
7. Future Research Directions
The analysis presented in this paper is preliminary. We have sought to explore the
applicability of hybrid sampling designs for the measurement of counterinsurgencyrelated deaths in rural Amritsar between 1984 and 1996. As an initial means to
understand the strengths and weaknesses of such a sampling design used along side
classical Horwitz-Thompson estimators, we have drawn on social network analysis

to explore the referral chains of the sampling process. As a means to building on this
preliminary analysis and formally estimating the magnitude and pattern of lethal
violence during the counterinsurgency period in rural Amritsar, we intend to refine
and extend this work in a number of directions.
Firstly, we plan to conduct a sensitivity analysis in order to understand the
importance of the primary referral points. These respondents played a role similar
to the “seed” samples in snowball and RDS surveys, and it is important to learn how
much our findings depend on exactly who the survey teams were able to contact
as primary referral points. We will consider in turn various subsets of primary
referrers: only sarpanches, only bazurgs, only sarpanches and bazurgs, etc, then
remove all families only referred to by the removed referrers, all families referred to
by those families, and so on, propagating the dropped data through the network of
referrals. Then we will recalculate the survey estimates under each of the resulting
filtered datasets.
Secondly, as an extension to the preliminary estimates and analysis presented
herein, we intend to model missing data patterns in the referral sampling process,
to better reflect the imprecision and uncertainty inherent in the referral-based data
collection process. Such data imprecision includes the existence of right censored
referrals resulting from family out-migration from village, and incomplete referral
information (absence of all links, unreliable referral information, and measurement
errors). As we develop this part of our research, we intend to draw from recent
work by Handcock and Gile (2010) that specifies a maximum likelihood framework
while integrating the heterogeneity of precision in the observed network data.
Thirdly, we seek to develop a broader analysis of the survey data. Human rights
monitors have argued that the police regularly handed over the bodies of individuals who they “disappeared” to the municipal cremation grounds.9 The municipal
cremation grounds are maintained by the State to dispose of bodies of the deceased
whose next of kin are unable to take care of cremation or burial rites. Some existing convenience sample data sources, like the cremation ground records, document
cremations events (which followed acts of disappearance) in the municipal cremation grounds, while others document reports of alleged disappearance events. Our
referral-based survey data documents the association between alleged disappearances and different body disposal practices, at the population-level. Thus, these
survey data are likely to provide new insight into possible connections between
these two processes and the chain of custody by perpetrators.
Finally, we seek to integrate our referral-based survey data with the existing data
sources on lethal violence and “illegal” cremations. We will do this by deriving
multiple systems estimation (MSE) estimates by triangulating our referral-based
sample data with existing data sources on lethal violence, collected by the National
Human Rights Commission, several non-governmental organizations, press agencies
and official government records. This will provide an independent estimate of lethal
counterinsurgency violence, which is based on additional data sources and very
different methodological assumptions than survey-based estimates. Thus facilitating
the estimation of the same parameter by two different methods and complementary
sources of data.
9

Sometimes, the perpetrators allegedly dumped bodies in canals or on the side of roads (Kumar
et al. 2003), (Silva et al. 2009).

8. Conclusion
Direct conflict-deaths, at the population-level, are often elusive. As such, when
investigating the magnitude and pattern of large-scale direct conflict-related deaths,
in certain circumstances we need to draw on and extend the current literature on
adaptive sampling designs.
In this paper, we explored the case of direct conflict deaths in rural parts of
Amritsar district in the Northern Indian state of Punjab that have been attributed
to the State forces. Our focus was the magnitude and pattern of these deaths
during the counterinsurgency period of 1984–1996. There exist some diverse convenience sample data sources which document such conflict-related deaths in Amritsar
district: municipal cremation ground records, notices of counterinsurgency deaths
reported in the local newspapers, (incomplete) registration lists compiled by nongovernmental organizations, and an incomplete registration list of families who have
applied for compensation from the state. Normally, analysts would use multiple systems estimation to triangulate the data sources and make an inference about the
magnitude of deaths never reported to any source, and therefore the total magnitude of the reference population. However, in this particular case, the coverage of
the existing data sources is limited and the specificity of the personal identifiers
contained in the data sources is imprecise. As a result MSE-based triangulation
methods using the existing data sources are insufficient to estimate direct-conflict
mortality in Amritsar District. Given the elusive nature of these deaths amongst
the broader population, we also noted that classical survey methods were also an
insufficient estimation strategy.
We then explored an alternative strategy: a hybrid design which combined elements of classical stratified probability-based random sampling and adaptive sampling designs. Our design, referral-based sampling, exploited the rich social networks of rural society in Amristar District, in general, and those of the families of
the disappeared, in particular. We used this hybrid design to overcome some of the
traditional sources of bias in earlier snowball-sampling designs. We applied classical Horwitz-Thompson estimators to this design. Our resulting classical estimate
was that approximately 1,865 were killed or disappeared in rural parts of Amritsar
between 1984 and 1996 by the Indian and Punjab state authorities as part of the
state’s counter-insurgency campaign against Sikh non-state armed actors. The 95%
confidence interval around this point estimate is (1,588, 2,142).
However, this estimate using a classical estimator makes strong assumptions
about the completeness of cluster-level enumeration. In particular, it assumed that
the referral process was homogeneously reliable and exhaustive. An assumption
which is unlikely to be true in the best of times, let alone in a post-conflict rural
society in Northern India. We then explored the characteristics of the referral
process via standard social network analysis metrics on closeness, betweeness, degree
and homophily of referral between primary and secondary referral mechanisms can
provide insight into potential biases within the referral networks.
In conclusion, we noted the limitations of classical estimators when applied to
hybrid sampling designs. Then, as an extension of our social network analysis of our
referral-based sampling design, we outlined some promising future research directions for this work. In particular, we noted opportunities to integrate this work with
that of Handcock and Gile (2010) which develops maximum likelihood estimators

for network sample data, without assuming error-free and complete network data.
We also suggested that our referral-based sampling technique may provide an opportunity to integrate survey estimation with multiple systems estimation methods,
when trying to estimate elusive populations such as direct-conflict deaths during the
counterinsurgency in Northern India.
A. Appendix
A.1
A.1.1

Village Sampling Procedure
Sampling frame

The first stage of our sample was a probability-proportional-to-size sample of villages
in rural Amritsar districted. Our sampling frame was based on a master list of 1,187
villages constructed from the 2001 population census of India, obtained from the
Office of the Registrar General & Census Commissioner, India. The list provided
the names, locations, number of households, and populations of each village in
Amritsar district. The sample was drawn in the rural part of Amritsar only; urban
areas (called “wards” in the census) were excluded from the study due to notable
sampling frame inaccuracies in urban areas.
A.1.2

Merging villages into clusters before sampling

11% (133/1,187) of the villages had fewer than 50 households. For sampling efficiency, we merged these small villages with neighboring larger villages to form
village clusters.
This merging operation resulted in a sampling frame of 1,051 village clusters,
90% (942/1,051) of which comprised a single large village with no nearby small
villages, and 10% (109/1,051) of which comprised multiple villages. Most (94) of
these multi-village clusters combined a single small village with its neighboring
large village. The rest comprised several nearby small villages and a single large
neighbor. The largest cluster comprised 7 villages. Exactly one village with more
than 50 households was included in each cluster.
A.1.3

Sampling procedure

We used unequal-probability sampling, with the probability of inclusion for each
village cluster proportional to the census-reported number of households. We included 5 of the largest villages in Amritsar, where a large number of reported deaths
were expected, as certainty samples to reduce sampling variance. These were Sur
Singh, Sabhrai, Jhabal Kalan, Sarhali Kalan, and Bundala. None of the certainty
samples was a multi-village cluster.

We stratified our sampling on two geographic variables: a binary variable indicating whether the cluster was within 15 km of the border with Pakistan, and a
seven-valued variable indicating approximate latitude within Amritsar. Border village clusters occupied latitude zones 1–4, and non-border village clusters occupied
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Figure 3: Map of Amritsar district showing locations of sampled village clusters.
Each village cluster is shown at the location of GPS coordinates recorded by the
interview teams and draw with size proportional to the number of households in
the village cluster.

zones 2–7. Locations of each sampled village as reported by the interview teams
using GPS receivers are shown in Figure 3.
We selected a sample of 190 village clusters. In order to choose these clusters
with probability proportional to their size and stratified geographically as described
above, we use a standard randomized-list with random-start systematic sampling
procedure, as described by, e.g., Goodman and Kish (1950) and Horvitz and Thompson (1952, p. 678). After randomizing the sampling frame, we sorted it by the two
stratification variables, then constructed a cumulative total number of households
through each entry of the list. We then stepped through this list in increments
of 1668.4 (so there would be 190 steps within the 316,994 total households in the
district).
A.2

Estimation

For point estimates, we used the standard Horvitz and Thompson (1952) estimator
for the population total under unequal probability sampling:
Yb =

X yi
i∈S

(1)

πi

where S is the sample of 190 village clusters, yi is the number of victims in
village cluster i, and πi is the probability that village cluster i was included in the
sample.
A.2.1

Variance estimation

Among many available estimators for the variance of the Horvitz-Thompson estimator, we selected the design unbiased Sen-Yates-Grundy variance estimator (Sen
1953; Yates and Grundy 1953), because it has been found to perform well (Rao and
Singh 1973; Cumberland and Royall 1981), and because we meet its requirement of
a fixed sample size. This estimator is

d
σ 2 (Yb )

1 X X πi πj − πij
=
2 i∈S j∈S−i
πij

yi
yj
−
πi πj

!2

(2)

The Sen-Yates-Grundy variance estimator requires the joint probabilities of inclusion πij for each pair of village clusters in our sample. Given our sampling design,
these joint probabilities are intractable to compute, so we approximated them as
proposed by Stehman and Overton (1994):
0
πij
=

(n − 1)πi πj
n − 12 (πi + πj )

(3)

Stehman & Overton showed that this approximation performs as well as the
alternative approximation by Hartley and Rao (1962),10 and that it exhibits especially good performance for populations in which the coefficient of variance of the
10

There are also alternative variance estimators that do not require pairwise joint probabilities
of inclusion (Berger 2004).

auxiliary size variable is less than the coefficient of variance of the response variable, as it was in our survey: cv(number of households per village cluster) = 0.85,
cv(number of victims per sampled village cluster) = 1.39.
A.2.2

Confidence intervals

We constructed symmetric 95% confidence intervals for each point estimate of the
number of victims as
r

Yb ± 1.973 σ 2 (Yb ),
d

(4)

where 1.973 is the two-tailed critical value from a t-distribution with n−1 = 189
degrees of freedom.
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