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Respect for Human Rights has Improved Over Time: Modeling the
Changing Standard of Accountability
CHRISTOPHER J. FARISS Pennsylvania State University

According to indicators of political repression currently used by scholars, human rights practices
have not improved over the past 35 years, despite the spread of human rights norms, better
monitoring, and the increasing prevalence of electoral democracy. I argue that this empirical

pattern is not an indication of stagnating human rights practices. Instead, it reflects a systematic change
in the way monitors, like Amnesty International and the U.S. State Department, encounter and interpret
information about abuses. The standard of accountability used to assess state behaviors becomes more
stringent as monitors look harder for abuse, look in more places for abuse, and classify more acts
as abuse. In this article, I present a new, theoretically informed measurement model, which generates
unbiased estimates of repression using existing data. I then show that respect for human rights has
improved over time and that the relationship between human rights respect and ratification of the UN
Convention Against Torture is positive, which contradicts findings from existing research.

INTRODUCTION

Have levels of political repression changed? “Re-
pression” or violations of “physical integrity
rights” include arrests and political imprison-

ment, beatings and torture, extrajudicial executions,
mass killings, and disappearances, all of which are prac-
tices used by political authorities against those under
their jurisdiction.1 This question is important because
current indicators of political repression imply that
human rights practices have been essentially constant
over the last 35 years (see Figure 1), despite the spread
of human rights norms, better monitoring by private
and public agencies, and the increasing prevalence of
electoral democracy. While some theorists take issue
with this empirical pattern and the data used to sup-
port it,2 hundreds of studies rely on these indicators
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1 This definition is a modified version of one from Goldstein (1978).
His definition includes censorship, which I exclude in order to fo-
cus exclusively on physical integrity violations, which are the most
commonly analyzed rights.
2 See the discussion in Clark and Sikkink (2013) and Goodman and
Jinks (2003).

to analyze the determinants of repression3 and the
effects of international institutions on human rights
treaty compliance.4

The data generated by several coding projects have
come to dominate the quantitative study of human
rights, yet contested empirical patterns have emerged
regarding the overall trend in human rights respect
and the relationship between the state behaviors and
domestic and international institutions, such as the UN
Convention Against Torture. I argue that the pattern
of constant abuse found in data derived from human
rights reports is not an indication of stagnating human
rights practices. Instead, it reflects a systematic change
in the way monitoring agencies, like Amnesty Interna-
tional and the U.S. State Department, encounter and
interpret information about human rights abuses. Over
time, this process has led to what I call a changing stan-
dard of accountability. As a consequence of this change,
human rights reports have become increasingly strin-
gent assessments of state behaviors. This change occurs
because (1) government authorities have an incentive
to hide the use of these policy tools and (2) observers
and activists use countervailing strategies in order to
reveal, understand, and ultimately change repressive
practices for the better. This interaction between state
actors and observers, both academic and activist, af-
fects the production of information used by researchers
to quantify repressive behaviors.5

3 See, for example, the research by Apodaca (2001), Bell, Clay
and Murdie (2012), Bueno De Mesquita et al. (2005), Cingranelli
and Filippov (2010), Conrad and Moore (2010), Davenport (1995),
Davenport (2010), Davenport and Armstrong (2004), Demeritt and
Young (2013), Fariss and Schnakenberg (2013), Nordås and Dav-
enport (2013), Poe and Tate (1994), Poe, Tate and Keith (1999),
Wood (2008), and Zanger (2000). Also see the reviews by Davenport
(2007a) and Poe (2004).
4 See, for example, the research by Conrad and Ritter (2013), Dancy
and Sikkink (2012), Hathaway (2002), Hafner-Burton and Tsutsui
(2005), Hafner-Burton and Tsutsui (2007), Hill (2010), Keith (1999),
Keith, Tate and Poe (2009), Lupu (2013a), Lupu (2013b), Neumayer
(2005), and Simmons (2009).
5 Though human rights theorists are aware of this issue (Brysk 1994;
Clark 2001; Goodman and Jinks 2003; Hill, Moore and Mukherjee
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FIGURE 1. Yearly Mean and 95% Confidence Intervals for the Estimated Level of Repression Using
the CIRI Additive Index (left), and the Political Terror Scale Index (right)
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Notes: Each series is based on the human rights reports from the U.S. State Department and Amnesty International. Note that the
averages for the Political Terror Scale estimates are based on two scales coded independently, one from the U.S. State Department
reports and one from the Amnesty International reports. Similar figures for the individual PTS variables are displayed in Appendix D.

In this article, I present results for a new view of
repression: physical integrity practices have improved
over time. To support my claim, I compare an ex-
isting dynamic ordinal item response theory model
(Schnakenberg and Fariss 2014), which I call the con-
stant standard model, to a new extension of this model,
which I call the dynamic standard model.6 The con-
stant standard model, like other existing models of
repression (e.g., the CIRI Additive index, the Political
Terror Scale index, the Hathaway torture index, and
the latent variable model developed by Schnakenberg
and Fariss), implicitly assumes that the standard of ac-
countability does not change over time. The dynamic
standard model relaxes this assumption. Thus, by com-
paring the information derived from these models, I
am able to demonstrate that unobserved changes to the
standard of accountability explain why average levels
of repression have appeared to remain unchanged as
all existing models of human rights suggest.

In sum, for the constant standard model to be more
consistent with reality and for this same pattern to
obtain, Amnesty International and the U.S. State De-
partment would need to produce human rights reports

2013; Keck and Sikkink 1998), this is the first project that systemati-
cally incorporates it into a measurement model of repression.
6 The dynamic standard model formalizes the relationship between
the unmeasured standard of accountability and observed levels of
repression measured by several existing data sources. Note that both
of the models compared in this article are dynamic with respect to
the estimated country-year latent variable but not the item difficulty
parameters. It is this difference that allows me to estimate changes
to the standard of accountability over time. I describe these model
features in the methods section below.

consistently from year to year and the producers of
the event-based data (introduced below) would need
to use a less and less stringent definition of repres-
sion in the assessment of repressive events over time.
This is unlikely because the event-based variables I
introduce below are consistently updated as new infor-
mation about the specific events becomes available. In
addition to periodic updating, the producers of these
event-based variables are focused on the extreme end
of the repression spectrum (e.g., genocide, politicide,
mass repression). Both of these features suggest that
the event-based data are a valid representation of the
historical record to date. The event-based data there-
fore act as a consistent baseline by which to compare
the levels of the standards-based variables, which are
produced in a specific historical context and never up-
dated. I provide more detailed information about this
point below.

The solution proposed here may be applied more
broadly to data derived from other documents that
might vary systematically. Issues of comparability are
of increasing concern for social scientists—not just hu-
man rights scholars—interested in comparing data de-
rived from human rights documents over time. This is
because recent advances in computational throughput,
digital storage, and automated content methods have
made the analysis of large scale corpuses of primary
source documents cost effective and increasingly pop-
ular. Though this article is not about automated content
analysis per se, it is concerned with the comparison of
coded documents over time. As the tools of automated
content analysis become more popular and accepted
in the mainstream of political science and academia
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generally, it will be all the more important to determine
if the primary source documents selected for analysis
are comparable. That is, have the documents systemat-
ically changed, thus biasing the resulting codings? If so,
what are the solutions to such issues? In this article, I
offer an applied solution for this problem in the context
of hand-coded human rights documents.

Overall, I make several important contributions:
First, I develop a theory of the standard of accountabil-
ity and a new measurement model that accounts for it.
Second, though the primary motivation of this article is
substantive, I make two methodological contributions,
as the measurement model I develop is the first in
the political science literature to estimate time-varying
item-difficulty cut points for some variables (i.e., the
repression outcome variables).7 More broadly, I high-
light the importance of determining if primary source
political texts selected for analysis are comparable. This
measurement issue exists independent of whether the
documents are coded by experts or using the increas-
ingly popular automated content analysis techniques.
Third, I introduce and make publicly available new un-
biased country-year estimates of repression that cover
the time period beginning in 1949 and ending in 2010
(n = 9267). The resulting data are the most comprehen-
sive estimates of repression that currently exist and will
help academics and policy makers begin to reassess
what has become common knowledge in the human
rights literature.8 Fourth, I provide empirical evidence
that human rights practices have improved over time,
which contradicts the patterns found in existing data.
Fifth, I illustrate the substantive importance of the
results to international relations theory by showing
that the relationship between human rights respect and
ratification of the UN Convention Against Torture is
positive, which contradicts controversial findings from
existing research. Finally, I offer suggestions for how
to correct for temporal bias in standard models of re-
pression, which will allow researchers to continue to
analyze the original ordered human rights variables
coded directly from human rights country reports.

WHY THE STANDARD OF ACCOUNTABILITY
CHANGES OVER TIME

The standard of accountability, which I define as the
set of expectations that monitoring agencies use to
hold states responsible for repressive actions, has not
been systematically addressed because much of the
data measuring repression are derived from the same
primary sources (Cingranelli and Richards 1999, 2012a,
b; Gibney, Cornett and Wood 2012; Hathaway 2002).
The documents used to measure repression are The
Country Reports on Human Rights Practices published
annually by the U.S. State Department and The State

7 These model parameters measure changes to the standard of ac-
countability over time.
8 Such empirical relationships include, but are not limited to, the
effect of sanctions, naming and shaming campaigns, foreign aid, and
domestic and international legal institutions on the level of respect
for human rights.

of the World’s Human Rights report published annually
by Amnesty International. The information captured
in these documents will bias assessments of repression
over time if changes to these documents are not also
taken into account. I argue that the standard of ac-
countability changes over time because of the tactics
used by reporting agencies to (1) gather accurate in-
formation about credible allegations of repression, (2)
broaden the coverage of information gathering cam-
paigns with the help of other NGOs, and (3) continu-
ally press governments to reform through naming and
shaming campaigns, even after real reforms are imple-
mented to reduce more egregious rights violations by
those governments. In the language of research design,
instrumentation bias occurs if the measurement tool
used to assess a behavior changes over time (Trochim
and Donnelly 2008).

The standard of accountability changes due to a com-
bination the three tactics, described above, which I will
refer to as (1) information, (2) access, and (3) clas-
sification. These tactics make up the strategies used
by observers and activists interested in revealing, un-
derstanding, and ultimately changing repressive prac-
tices for the better. First, improvements in the qual-
ity and increases in the quantity of information have
led to more accurate assessments of the conditions in
each country over time. Second, access to countries by
NGOs, like Amnesty International and Human Rights
First (formerly the Lawyer’s Committee for Human
Rights), which seek to collect and disseminate accurate
information about repression allegations and practices,
has increased as these organizations grow and cooper-
ate with one another. Third, changes in the subjective
views of what constitutes a “good” human rights record
held by analysts at the monitoring agencies are an-
chored by the status quo, which improves as the global
average of rights respect improves. That is, monitor-
ing agencies continually press governments to institute
new reforms, even after real reforms are implemented
to reduce more egregious rights violations like extra-
judicial killings and disappearances. Thus, the set of
expectations that monitoring agencies use to assess
and document state behaviors changes over time as
these monitors look harder for abuse, look in more
places for abuse, and classify more acts as abuse. In the
remainder of this section, I discuss each of these tactics
in more detail and provide examples illustrating how
monitoring agencies have used these tactics to respond
to changes in state behaviors over time.

Human rights theorists recognize that the informa-
tion used to assess government behaviors may change
over time and that this could mask underlying improve-
ments in human rights practices.9 Keck and Sikkink
(1998) attribute this change to an “information para-
dox.” The paradox occurs when an increase in infor-
mation leads to difficulties in assessing the efficacy
of advocacy campaigns over time because of the very
success in collecting and aggregating accounts of re-
pressive actions in the first place. Clark and Sikkink

9 See, for example, the research by Bollen (1986), Brysk (1994), Clark
(2001), Goodman and Jinks (2003), and Keck and Sikkink (1998).
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(2013) coin a similar term—“human rights information
paradox”—to describe this issue as it relates to human
rights abuses specifically. As a result of this paradox,
the global human rights situation may appear to have
worsened over time because there is simply an increas-
ing amount of information with which to assess human
rights practices. Moreover, Innes de Neufville (1986)
argues that the quality of the human rights reports
produced by the U.S. State Department increased be-
cause of changes to the reporting requirements, which
“altered practices and norms within the Department
of State and created an arena for public evaluation of
the information” (682). Improvements in the reports
are corroborated by yearly critiques published by the
Lawyers Committee for Human Rights and a quantita-
tive analysis by Poe, Carey and Vazquez (2001). Thus,
monitoring agencies look harder for information about
human rights abuse over time.

In addition to the quality and quantity of informa-
tion, access to government documentation, witnesses,
victims, prison sites, and other areas are important for
assessing state behaviors. Both Amnesty International
and the U.S. State Department rely on reports from
other NGOs that collect and disseminate information
about human rights abuses within states. The num-
ber and effectiveness of these actors have increased
over time, especially since the end of the Cold War.10

Moreover, as Hill, Moore and Mukherjee (2013) argue,
increasing numbers of domestic NGOs generate more
credible signals about government abuse, which are
then used by Amnesty International and, by exten-
sion, the U.S. State Department in the production of
human rights reports. Monitors are therefore capable
of looking in more places for abuse, as their numbers
increase and their collaborative networks develop and
expand over time (Keck and Sikkink 1998).

Monitoring agencies are also increasingly sensitive
to the various kinds of ill-treatment that previously fell
short of abuse but that still constitute violations of hu-
man rights. Therefore, monitors such as Amnesty Inter-
national are continually pressing for additional reforms
through naming and shaming campaigns, even as more
egregious violations by state actors cease to occur. As
Sikkink notes, these monitoring agencies and others
“have expanded their focus over time from a narrow
concentration on direct government responsibility for
the death, disappearance, and imprisonment of politi-
cal opponents to a wider range of rights, including the
right of people to be free from police brutality and
the excessive use of lethal force” (2011, 159). More-
over, there is specific evidence from case law of a rising
standard of acceptable treatment, whereby more acts
come to be classified as inhuman treatment or torture
over time. For example, the European Court of Human
Rights, in Selmouni v. France (1999), “consider certain
acts which were classified in the past as ‘inhuman and
degrading treatment’ as opposed to ‘torture’ could be

10 See discussions in Hopgood (2006), Hill, Moore and Mukherjee
(2013), Korey (2001), Keck and Sikkink (1998), Lake and Wong
(2009), Murdie and Bhasin (2011), Murdie and Davis (2012), and
Wong (2012).

classified differently in future.” That is, acts by state
agents that might have previously been classified within
the less severe category of ill-treatment and degrading
punishment might now be classified as torture. The
court states further “that the increasingly high stan-
dard being required in the area of the protection of
human rights and fundamental liberties correspond-
ingly and inevitably requires greater firmness in assess-
ing breaches of the fundamental values of democratic
societies.”11 As this example illustrates, human rights
monitors are increasingly stringent in their assessment
of state behaviors precisely because they are classifying
more acts as abuse over time and because they are
continually pressing for additional reforms from states
even as those very states limit and eventually cease the
use of more egregious tactics.

Overall, the standard of accountability becomes
more stringent as the U.S. State Department and
Amnesty International look harder for abuse, look
in more places for abuse, and classify more acts as
abuse. For example, Amnesty International expanded
its strategy over time as it responded to developments
in the repressive behaviors used by states.12 The initial
focus of Amnesty International on political prisoners
during the 1960s and 1970s precluded the reporting of
extrajudicial killings that took place outside of prisons
(Clark, 2001, chap. 5). Also during the 1960s and 1970s,
state agents in Guatemala frequently disappeared op-
position members, yet Amnesty International did not
document these policies until 1976, because these ac-
tions were not initially a policy tool of concern (Clark,
2001, chap. 4).

For another illustration, consider the text from the
torture section contained in the State Department hu-
man rights reports on Guatemala for the years 1981,
1991, and 2001. The document as a whole and the
torture section in particular both provide more de-
tailed information in later years about the government
agencies committing human rights violations and the
groups experiencing those violations when compared
to earlier years. The word count of the document and
torture section both dramatically increase in length as
displayed in Table 1 as well. Consider just one of the
human rights variables discussed in more detail below:
the differences between the coding of “frequent tor-
ture” on the CIRI Torture scale in 2001 relative to the
less severe coding in 1991 could be a function of the
amount of information and the specificity of the infor-
mation included in the reports in the different years.
It might also be due to increasing coverage of NGOs
working in this country. It could also be because of the

11 Selmouni v. France, 25803/94, Council of Europe: European Court
of Human Rights, 28 July 1999, available at: http://www.unhcr.org/
refworld/docid/3ae6b70210.html. I would like to thank Jamie Mayer-
feld for pointing me towards this example and for helping me clarify
this point.
12 See Clark (2001) for a discussion of the developments in the
strategy used by Amnesty International in response to changes in
repressive behaviors. Berman and Clark (1982) provides an example
of how political authorities in the Philippines began to disappear
political opponents to avoid public scrutiny of other human rights
violations.
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TABLE 1. Changing Information Content in
Three Human Rights Reports

Torture Section Full Document CIRI Torture
Year Word Count Word Count Coding

1981 329 3,930 0 (frequent)
1991 562 5,768 1 (some)
2001 3,669 32,064 0 (frequent)

increasingly stringent standard (the rising standard of
acceptable treatment) being required in the area of the
protection of human rights and fundamental liberties
or the continued pressure for reform over time, which
are captured in the text of these documents. As these
cases suggest, the reports published today represent a
broader and more detailed view of the human rights
practices than reports published in previous years (See
Appendix C for examples of the text from the torture
section for these country-years).13

The standard of accountability has increased due to
at least one if not all of the mechanisms outlined above.
Thus, as the theory suggests, the set of expectations
that monitoring agencies use to hold states responsi-
ble for repressive actions changes over time. Unfor-
tunately for scholars interested in these changes, the
standard of accountability is not observable in human
rights reports and is therefore impossible to directly
measure. To make matters more complicated, alterna-
tive sources of information that were once highly cited
are now largely forgotten and out of date (Harff and
Gurr 1988; Rummel 1994a, b, 1995; Taylor and Jodice
1983). Contemporary alternatives often cover shorter
periods of time (Conrad, Haglund and Moore 2013;
Eck and Hultman 2007), are not up to date (Conrad,
Haglund and Moore 2013; Hathaway 2002), or still
rely on the same standards-based human rights reports
(Hathaway 2002). All of these issues make the system-
atic comparison of results from different data sources
difficult, which leaves the problem of instrumentation
bias acknowledged but unaddressed in the literature.
Fortunately, these issues can now be overcome thanks
to the wide availability of computational tools capable
of linking diverse sources of data in theoretically mean-
ingful ways. The latent variable models I describe be-
low are capable of (1) bringing together diverse sources
of information, (2) assessing the relative quality of the
information included, and (3) quantifying the certainty
of the estimates of repression that are generated from
the models. These models allow me to test for the influ-
ence of the standard of accountability by comparing the
new model in which the probability of documenting a
repressive action changes over time (dynamic standard
model) to the existing model in which this probability
does not change (constant standard model). In the next
section, I introduce and make a theoretical distinction

13 I am systematically exploring the differences in the quality and
quantity of information in the text of human rights documents in a
book-length project that builds off the insights from this article.

between standards-based data and event-based data. I
then introduce the latent variable models.

STANDARDS-BASED DATA AND
EVENT-BASED DATA

The event-based variables (sources: multiple, see
Table 3) introduced in this section act as a consis-
tent baseline by which to compare the levels of the
standards-based variables (sources: Amnesty Interna-
tional and the U.S. State Department; see Table 2),
which are produced in a specific historical context and
never updated. This is because the event-based vari-
ables included in this article are consistently updated
as new information about the specific events becomes
available. In addition to periodic updating, the produc-
ers of these event-based variables are focused on the
extreme end of the repression spectrum (e.g., genocide,
politicide, mass repression). This focus makes iden-
tifying these events much easier than more difficult
to observe behaviors, such as torture. Both of these
features suggest that the event-based data included in
this article are a valid representation of the historical
record to date, which acts as a baseline for the latent
variable model described in detail in the next section.

Before discussing the theoretical differences be-
tween standards-based data and event-based data in
more detail, the reader should keep in mind that all
of the variables included in the two competing latent
variable models are the same and that they are each
operationalized to capture one or more of the repres-
sive behaviors identified in the definition of repression
used throughout this article. Recall that the defini-
tion of “repression” or violations of “physical integrity
rights” and sometimes called “state sanctioned terror”
includes arrests and political imprisonment, beatings
and torture, extrajudicial executions, mass killings, and
disappearances, all of which are practices used by po-
litical authorities against those under their jurisdiction.
The standards-based and event-based variable names,
operationalizations, citations, and data sources are dis-
played in Tables 2 and 3, respectively. The temporal
coverage and data type of each variable are displayed
in Figure 2.

In some cases, leaders or regimes choose to attempt
the complete elimination of a political group (politi-
cide) or other group designation (genocide) (Harff
2003; Rummel 1994b, 1995). Massive repressive events
are related to the intent of genocide in the use of mass
slaughters or pogroms to eliminate substantial portions
of a predetermined group but are a broader category
that includes a greater number of events than those
captured by the genocide or politicide definition (Harff
and Gurr 1988). Though the definitions of genocide,
politicide, and massive repression are complex (see
Appendix B), each variable is focused on capturing
instances of large-scale aggregated mass killings of in-
dividuals which occur for a variety reasons. Thus, these
variables are focused on the extreme end of the re-
pression spectrum. Relatedly, the measurement of one-
sided government killing captures instances in which
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TABLE 2. Standards-based Repression Data Sources

Dataset Name Dataset Citation
and Variable Description and Primary Source Information

CIRI Physical Integrity Data, 1981–2010 Cingranelli and Richards (1999, 2012a, b)
political imprisonment (ordered scale, 0–2) Amnesty International Reports1 and
torture (ordered scale, 0–2) State Department Reports2

extrajudicial killing (ordered scale, 0–2) Information in Amnesty reports takes precedence
disappearance (ordered scale, 0–2) over information in State Department reports

Hathaway Torture Data, 1985–1999 Hathaway (2002)
torture (ordered scale, 1–5) State Department Reports1

Ill-Treatment and Torture (ITT), 1995–2005 Conrad and Moore (2011),
torture (ordered scale, 0–5) Conrad, Haglund and Moore (2013),

Amnesty International (2006)
Annual Reports,1 press releases,1

and Urgent Action Alerts1

PTS Political Terror Scale, 1976–2010 Gibney, Cornett and Wood (2012),
Ammesty International scale (ordered scale, 1–5) Gibney and Dalton (1996)
State Department scale (ordered scale, 1–5) Amnesty International Reports1

State Department Reports1

Notes: 1Primary source. 2Secondary source.

FIGURE 2. Temporal Coverage and Data Type of Repression Data Sources (see Tables 2 and 3 for
more information)
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TABLE 3. Event-based Repression Data Sources

Dataset Name Dataset Citation
and Variable Description and Primary Source Information

Harff and Gurr Dataset, 1946–1988 Harff and Gurr (1988)
massive repressive events historical sources (see article references)1

(1 if country-year experienced event, 0 otherwise)

Political Instability Task Force (PITF), 1956–2010 Harff (2003), Marshall, Gurr and Harff (2009)
genocide and politicide historical sources (see article references)1

(1 if country-year experienced event, 0 otherwise) State Department Reports2

Amnesty International Reports2

Rummel Dataset, 1949–1987 Rummel (1994b, 1995),
genocide and democide Wayman and Tago (2010)
(1 if country-year experienced event, 0 otherwise) New York Times,1 New International Yearbook,2

Facts on File,2 Britannica Book of the Year,2

Deadline Data on World Affairs,2

Keesing’s Contemporary Archives2

UCDP One-sided Violence Dataset, 1989–2010 Eck and Hultman (2007), Sundberg (2009)
government killing (event count estimate) Reuters News,1 BBC World Monitoring1

(1 if country-year experienced event, 0 otherwise) Agence France Presse,1 Xinhua News Agency,1

Dow Jones International News,1 UN Reports,2

Amnesty International Reports,2

Human Rights Watch Reports,2

local level NGO reports (not listed)2

World Handbook of Political and Social Indicators Taylor and Jodice (1983)
WHPSI, 1948–1982 New York Times,1 Middle East Journal,2

political executions (event count estimate) Asian Recorder,2 Archiv der Genenwart2

(1 if country-year experienced event, 0 otherwise) African Diary,2 Current Digest of Soviet Press2

Notes: 1Primary source. 2Secondary source.

more than 25 individuals (noncombatants) are killed,
though this variable excludes extrajudical killings that
occur inside a prison and combatant deaths that occur
during civil conflicts (Eck and Hultman 2007). Extra-
judicial killing more generally is captured by both the
political execution data (Taylor and Jodice 1983) and
several of the variables derived from the human rights
reports (Cingranelli and Richards 2012a, b; Gibney,
Cornett and Wood 2012). In addition to the events-
based variables, the standards-based variables included
in this article capture, individually or as part of an in-
dex, extrajudicial killing, in addition to torture, politi-
cal imprisonment, and disappearances (Cingranelli and
Richards 2012a, b; Conrad and Moore 2011; Conrad,
Haglund and Moore 2013; Gibney, Cornett and Wood
2012; Hathaway 2002).14 In sum, all of these variables
capture information about the use of “repression” or
violations of “physical integrity rights.”

If the standard of accountability has increased over
time, then comparisons of data derived from standards-
based documents will be biased over time because

14 Conrad and Moore (2011) are quick to point out, however, that
their data are designed to capture “reporting” of torture and not
actual “levels” of torture. This is the only dataset that explicitly
makes this theoretical distinction.

of unaccounted for changes in the instrument (hu-
man rights documents) used to measure behavioral
change (levels of repression). Temporal comparisons
of categorical measures derived from the standards-
based data sources are problematic because the data
are based on content of reports that were prepared
in a specific historical context. The reports are pri-
mary source documents that are used by analysts to
derive variables on repression. The issue of temporal
comparability arises because the older reports are not
updated or revised even if new information about spe-
cific repressive events is obtained over time or as the
goals, strategic incentives, or status quo expectations
of the monitoring agencies evolve. These same issues
make data derived from these reports quite useful for
comparing state behaviors in the same year.

Event-based data sources contrast with the
standards-based data because they are based on ev-
idence derived from a pool of regularly augmented
primary source documents. However, it is also likely
that increased access to countries over time will also
lead to an increase in the accuracy of the event-count
data. The producers of the event-based data are aware
of this process. When new information about repres-
sive actions becomes available from NGOs, news re-
ports, historians, or truth commissions, these scholars
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update their data. Moreover, information from multi-
ple sources are used to help corroborate each datum.15

These data therefore represent the best approximation
of the historical pattern of repression for a given coun-
try at each update. For example, Rummel discusses the
process by which he periodically updated the event-
based information used in his articles and books.16

Similar discussions can be found in the documentation
of the other event-based data. Moreover, in addition to
periodic updating, the producers of these event-based
variables are focused on the extreme end of the re-
pression spectrum. This focus makes identifying these
events much easier than more difficult to observe be-
haviors such as torture. Both of these features suggest
that the event-based data are a valid representation of
historical record to date and therefore capable of acting
as a baseline in the latent variable model described
next.

Skepticism over the comparability of event data that
counts the number of repressive events in country-
year observations was one of the main reasons for the
movement away from event data in cross-national hu-
man rights research.17 Standards-based variables were
developed in part because of the availability and com-
prehensiveness of the human rights reports but also in
reaction to the use of event-based data.18 I avoid this
issue for now by focusing on event data that are binary,
and therefore focused on country-year events that oc-
cur at the extreme end of the repression spectrum.19

However, this raises another practical issue: binary
event data only capture extreme levels of abuse. These
data have been useful for comparing broad trends but
the relative specificity of the standards-based reports is
another reason for their preeminence over the event-
based binary data. The standards-based data have pro-
vided analysts with more behavioral categories for
comparison. The models I develop below can incor-
porate information from multiple sources, and quan-
tify the uncertainty of each estimate, conditional on
the availability of each variable included in the model.
Missing data do not lead to a loss of country-year ob-

15 See the codebooks that document the variable operationalization
of the event-based data in Table 3.
16 See the discussion in the preface of Rummel’s book Death by
Government: Genocide and Mass Murder in the Twentieth Century
(1994a, xi–xxii) as well as his other books about specific cases.
Much of this material is publicly available at Rummel’s website:
http://www.hawaii.edu/powerkills/welcome.html.
17 See Poe (2004) for a review of the literature critiquing event-based
data. Brysk (1994) provides a specific example critical of comparisons
of event-based data.
18 The seminal work of Lars Schoultz (1981) was the first quanti-
tative test between the stated importance of human rights by the
United States government and the allocation of foreign aid using
event-based human rights data for Latin American states. The use
of event-based counts was criticized (e.g., Carleton and Stohl 1985;
Stohl, Carleton and Johnson 1984) and led to a debate about the
pros and cons of event-based and standards-based variables. Poe
(2004) reviews this debate but interested readers should consult the
edited volume by Jabine and Claude (1992) and a symposium on
the “Statistical Issues in the Field of Human Rights” published in
Human Rights Quarterly (Vol. 8, No. 4, 1986).
19 The models I describe below can be extended to incorporate the
actual event counts (Fariss 2013).

servations but only increase the uncertainty for the es-
timate of a given country-year. The models can also ac-
commodate variables measured using different scales.
Appendices A and B contain additional information
about the development and coding rules for these
variables.

TWO COMPETING LATENT VARIABLES
MODELS OF REPRESSION

The latent variable models I develop in this article
are item-response theory (IRT) models. The dynamic
standard model is an extension of the DO-IRT (dy-
namic ordinal item response theory) model developed
by Schnakenberg and Fariss (2014). The constant stan-
dard model is identical to the DO-IRT model. Note
that both models presented in this article are dynamic
with respect to the estimated latent human rights vari-
able. The models differ with respect to the standard
of accountability. In one case the standard changes
(dynamic standard model) and in one case it does not
change (constant standard model).

The constant standard model in addition to all of the
existing models of repression—those based on infor-
mation from the annual human rights reports—implic-
itly assumes a constant standard of accountability over
time. By comparing the estimates from the constant
standard model, which makes this assumption, and the
dynamic standard model, which relaxes this assump-
tion, I am able to test the hypothesis that an increase in
the standard of accountability—the probability of ob-
serving and therefore coding a repressive outcome (as
modeled by time-varying item cut points)—increases
over time for the repression variables derived from the
human rights reports.

Schnakenberg and Fariss (2014) model the latent re-
spect for human rights for a country in a particular
year as dependent on the value for the same country
in the previous year. These authors demonstrate that
the dynamic latent variable model fits the CIRI hu-
man rights data (Cingranelli and Richards 2012a, b)
substantially better than a static latent variable model
similar to those used in the democracy literature.20

The latent variable models measuring democracy de-
veloped by Treier and Jackman (2008) and Pemstein,
Meserve and Melton (2010) assume that the observed
indicators used in the model are independent condi-
tional on the value of the trait to be estimated, which
is an overly strong assumption in the case of human
rights as demonstrated by Schnakenberg and Fariss
(2014). And, though Armstrong (2011) relaxes this
assumption by using a dynamic factor analytic model
to analyze the Freedom House Indicators, he models
the observed indicators as interval response variables
instead of ordered categories and provides no evidence
that the model performs better than any alternative
parameterizations.21 As I demonstrate below, model

20 Note that both of the models compared by Schnakenberg and
Fariss (2014) assume a constant standard of accountability.
21 All of this research builds on the seminal work by Poole and
Rosenthal (1991, 1997), which employs a maximum likelihood
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comparison statistics represent the best way to adjudi-
cate between competing theories and the measurement
models deduced from them.

To parameterize the changing standard of account-
ability, I allow the baseline probability of observing
a given level of repression for a specific repression
variable or item (as modeled by time-varying item cut
points) to vary as a function of time in one model
(dynamic standard model) and compare the result-
ing estimates to another in which this probability is
constant (constant standard model).22 This is accom-
plished by estimating time varying “item difficulty cut
points” or “thresholds” for some of the items. These
parameters are analogous to the intercept term in a
linear model. The rest of the model parameters are
similar to other latent variable models in the literature
and are described in detail below. Thus, the changing
standard of accountability is parameterized in the dy-
namic standard model by estimating the item difficulty
cut points for the data sources that are derived from
information contained in the annual human rights re-
ports. Constant item difficulty cut points are estimated
for the event-based data sources. This parameteriza-
tion is motivated by the theoretical distinction between
the standards-based data sources and event-based data
sources. Again, both models are dynamic with respect
to the latent variable itself.

Formally, the statistical models I compare in this ar-
ticle are both built on the assumption that the observed
repression outcome variables for the country-year ob-
servations are each a function of the same underlying
unidimensional latent variable, which represents the
“true” or “latent” level of repression or respect for
physical integrity rights. The goal of these models is
to estimate θit, which is the latent level of respect for
physical integrity rights of country i in year t. For each
model there are J indicators j = 1, . . ., J. Some of the
j indicators are ordinal with varying number of levels
and some of the j indicators are binary. As already
noted, i = 1, . . ., N indexes cross-sectional units and t =
1, . . ., T indexes time periods. yitj is observed for each
of the j = 1, . . ., J indicators displayed in Tables 2 and 3.
Each indicator is either ordinal or binary and can take
on Kj values. For the binary indicators, Kj = 2.

For each item, there is an “item discrimination” pa-
rameter βj and a set of Kj − 1 “item difficulty cut points”
(αj k)Kj

k=1. These parameters are analogous to a slope and
intercept term in a logistic regression or the slope and
cut points in an ordered logistic regression.

For the dynamic standard model, I specify the pa-
rameterization of the difficulty cut points for some of

approach to model political ideology from roll call votes. This model
was first used in IR by Voeten (2000) to study the United Nations
general assembly. See Clinton, Jackman and Rivers (2004) and Mar-
tin and Quinn (2002) for Bayesian implementations of this model.
See Jackman (2008) for a thorough discussion of the development of
these and other measurement models.
22 I use the term “item” and “variable” interchangeably throughout
this article. The term “item” is attributed to researchers developing
educational tests (e.g., Lord 1980; Lord and Novick 1968; Rasch
1980). See Borsboom (2005) and Jackman (2008) for accounts of the
development of this literature.

the items to vary over time such that (αtj k)Kj

k=1. Note
the t subscript here. This parameterization includes
the standards-based variables from Cingranelli and
Richards (1999, 2012a, b), Gibney, Cornett and Wood
(2012), Hathaway (2002), and Conrad, Haglund and
Moore (2013). The other items retain the constant item
difficulty cut-point parameterization: (αj k)Kj

k=1, which
include the binary event-based variables drawn from
Harff and Gurr (1988), Harff (2003), Rummel (1994b,
1995), Eck and Hultman (2007), Taylor and Jodice
(1983).23 Note the lack of a t subscript here. There
is no t subscript on this parameter for any of the items
in the constant standard model.

I assume error terms εitj are independently drawn
from a logistic distribution, where F(·) denotes the
logistic cumulative distribution function. The proba-
bility distribution for a given response to item j in the
constant standard model is therefore given by

P[yitj = 1] = F(αj 1 − θitβj ), (1)

P[yitj = k] = F(αj k − θitβj ) − F(αj k−1 − θitβj ), (2)

P[yitj = K] = 1 − F(αj K−1 − θitβj ). (3)

For each item with constant difficulty cut points,
yitj = k if αjk−1<θitβj + εitj<αjk, and by specifying αj0 =
−∞ and αj Kj = ∞ the probability equations (1)– (3)
reduce to24

P[yitj = k] = F(αj k − θitβj ) − F(αj k−1 − θitβj ) (4)

Therefore, assuming local independence of responses
across units, the constant standard’s likelihood function
for β, α, and θ, given the data, is L(β, α, θ|y) and is
expressed as

L =
N∏

i=1

T∏

t=1

J∏

j =1

[
F(αjyitj − θitβj )

− F(αjyitj −1 − θitβj )
]
. (5)

The first set of equations (1)– (3) and the reduced
form (4) refer to the probability of observing a partic-
ular hypothetical level k. The likelihood equation (5)
refers to the probability of the observed level in the
data yitj. These equations are the same for the dynamic
standard model except for the addition of the t sub-
script on some of the α parameters. As a notational

23 It is a coincidence that the event-based variables are each binary
whereas the standards-based data are all categorical. The model is
not dependent on this distinction.
24 For each item with dynamic difficulty cut points, yitj = k if
αtjk−1<θitβj + εitj<αtjk, where εitj is an error term and αtj0 = −∞
and αtj kj = ∞.
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convenience let vj = 1 when the j indicator is one of
the standards-based variables and then vj = 0 when it is
one of the event-based variables. The probability dis-
tribution for the dynamic standard model is therefore

P[yitj = k] = [F(αtj k − θitβj ) − F(αtj k−1 − θitβj )](vj )

∗ [F(αj k − θitβj ) − F(αj k−1 − θitβj )](1−vj ) (6)

and the dynamic standard’s likelihood function
L(β, α, θ|y) is expressed as

L=
N∏

i=1

T∏

t=1

J∏

j =1

[
F(αtjyit j −θitβj ) − F(αtjyitj −1 − θitβj )

](vj )

∗ [
F(αjyit j − θitβj ) − F(αjyit j −1 − θitβj )

](1−vj )
. (7)

Note that when vj = 0, the probability distribution (6)
and the likelihood function (7) for the dynamic stan-
dard model are equivalent to equation (4) and (5) for
the constant standard model. The model is different
when vj = 1, which is when the standard of account-
ability changes over time.

If θit was fully observed, then the likelihood functions
above would be equivalent to independent ordinal lo-
gistic regression models. However, since this is not the
case, all of the parameters of interest, the latent vari-
able θit, the item difficulty cut points αtjk or αjk, and the
item discrimination parameters βj, must be estimated
simultaneously so that the model is identified. This is-
sue necessitates the use of Bayesian simulation.

To estimate the models, I set the same priors on
the latent variable estimate θit for both of the models
compared in this article such that θit∼N(θit−1, σ) for
all i and t except when t = 1, and then is θi1∼N(0, 1).
This parameterization captures an old idea in the hu-
man rights literature: repression “radiates an after-life”
which decreases the need for future repressive actions
by the state for a certain period of time.25 Both of the
latent variable models formalize this idea and model
comparison statistics help to validate it (Schnakenberg
and Fariss 2014).

In both models, I specify σ ∼ U(0, 1) to reflect prior
knowledge that the between-country variation in hu-
man rights respect will be higher on average than the
average within-country variance.26 I specify the item-
discrimination parameters βj ∼ Gamma(4, 3) to reflect
the prior belief that all variables contribute significantly
and in the same direction to the latent variable. These
parameters estimate the strength of the relationship
between values of the latent variable and the proba-

25 See the quote by Duvall and Stohl (1983), which is cited by Stohl
et al. (1986).
26 This is not a consequential decision in terms of restricting the
values of this parameter because the posterior estimates of σ from
the converged model is less than 0.05, making the truncation decision
unimportant.

bility of being coded at a given level for one of the
repression variables.27

For the dynamic standard model, I relax the as-
sumption about the item difficulty cut points made
in other latent variable models and allow the α pa-
rameters to vary over time such that the priors of
αtjk∼N(αt − 1,jk, 4), subject to the ordering constraint
that αtj1 < αtj2 < . . . < αtjK−1 for all j. When t = 1, then
α1jk∼N(0, 4). By allowing the item difficulty cut points
for the standards-based variables to vary over time, I
am able to assess how the probability of being coded
at a specific level on the original ordered repression
variables changes from year to year. The priors for the
α parameters for the event-based data in the dynamic
standard model are αjk∼N(0, 4), again subject to the
same ordering constraint that αj1 < αj2 < . . . < αjK−1 for
all j. This is the same setup for all of the α parameters
in the constant standard model. Table 4 summarizes
the prior distributions for the model parameters and
the differences between their implementation in the
dynamic standard model and the constant standard
model.28

These models, like all item-response theory mod-
els, rest on an assumption of local independence. This
assumption implies that any two item responses are
independent conditional on the latent variable. This
means that two item responses are only related because
of the fact that they are each an observable outcome of
the same latent variable. There are three relevant lo-
cal independence assumptions: (1) local independence
of different indicators within the same country-year,
(2) local independence of indicators across countries
within years, and (3) local independence of indicators
across years within countries. The third assumption is
relaxed by incorporating temporal information into
prior beliefs about the latent repression variable in
both models and the changing standard of accountabil-
ity in the dynamic standard model, which is captured
by the item-difficulty cut points.

Some readers may question the first assumption,
which states that different repressive tactics are not
causally related to one another within the same
country-year but are instead only related to each other
through the underlying latent variable. This assump-
tion is made implicitly in other projects that aggre-
gate information about repression into one scale (Cin-
granelli and Richards 2012a, b; Gibney, Cornett and
Wood 2012; Landman and Larizza 2009). Jackman
(2008) and van Schuur (2003) provide further details
about this assumption. More importantly however, dif-
ferent repressive tactics can be related to one another
in theoretically important but noncausal ways. Fariss

27 Prior sensitivity analyses suggested that this was not restrictive.
When normal priors were specified for each β, the posterior den-
sities rarely overlapped with zero. However, a model without this
restriction is not identified with respect to rotation.
28 Each model compared in this article is estimated with two MCMC
chains, which are run 100,000 iterations using JAGS (Plummer 2010)
on the Gordon Supercomputer (Sinkovits et al. 2011). The first 50,000
iterations were thrown away as burn-in and the rest were used for
inference. Diagnostics all suggest convergence (Geweke 1992; Hei-
delberger and Welch 1981, 1983; Gelman and Rubin 1992).
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TABLE 4. Summary of Prior Distributions for Latent Variable and Model Level
Parameter Estimates

Parameters Constant Standard Dynamic Standard

Country-year latent variable (first year) θi1 ∼ N(0, 1) θi1 ∼ N(0, 1)
Country-year latent variable (other years) θit ∼ N(θit−1, σ) θit ∼ N(θit−1, σ)
Uncertainty of latent variable σ ∼ U(0, 1) σ ∼ U(0, 1)
Event-based variable cut points (constant) αjk ∼ N(0, 4) αjk ∼ N(0, 4)
Standards-based variable cut points (constant) αjk ∼ N(0, 4) —————
Standards-based variable cut points (first year) ————— α1jk ∼ N(0, 4)
Standards-based variable cut points (other years) ————— αtjk ∼ N(αt − 1,jk, 4)

Slope βj ∼ Gamma(4, 3) βj ∼ Gamma(4, 3)

Note: Both of these models are dynamic in the treatment of the latent variable θ.

and Schnakenberg (2013), following many analysts be-
fore them,29 assume that repression is a useful tool for
a leader because it produces the benefit of mitigating
potential threats to the regime. However, the emphasis
of this theory is that many repressive behaviors may be
complementarity policy options. A “complement” is
defined if the presence of one repressive policy tool
reduces the probability that the use of another policy
tool is made public, decreases the threat the first policy
tool was used to address, or reduces the possibility of
retribution faced by a leader caught using the original
policy tool.30 This theoretical distinction emphasizes
the choices of the policy maker in selecting repressive
tools. It is the leader selecting to both torture and im-
prison political opponents because of a threat, which
is the underlying cause of repression generally and the
two repressive behaviors specifically. This is an impor-
tant theoretical and empirical issue that human rights
scholars are currently grappling with (e.g., Conrad and
Demeritt 2011; Fariss and Schnakenberg 2013).

Recent human rights scholarship has begun to ana-
lyze both the interrelationships between the different
state repressive behaviors captured by the CIRI data
(e.g., Conrad and Demeritt 2011; Fariss and Schnaken-
berg 2013). However, these scholars are quick to point
out that no definitive answer has been reached about
the complimentarily vs. substitutability of these state
behaviors. Fariss and Schnakenberg (2013) only ana-
lyze the systemwide level of co-occurance between dif-
ferent CIRI rights. Conrad and Demeritt (2011) focus
on the extrajudical killing and political imprisonment.
These authors make this choice because “disappear-
ances are ambiguous by their very nature” and “gov-
ernment torture can be used in conjunction with both
state-sponsored killing and political imprisonment and
strikes us as a complementary violation rather than one
offering the possibility of substitution” (2011, 14). The

29 See, for example, Carey (2006); Davenport (2007b); Mason and
Krane (1989); Moore (1998, 2000); Poe and Tate (1994); Poe, Tate
and Keith (1999); Poe (2004); Zanger (2000).
30 Fariss and Schnakenberg (2013) find that, on average, physical
integrity rights abuses are complements with one another each year
using the country-year CIRI variables (1981–2006).

evidence presented by Conrad and Demeritt (2011)
that state leaders choose to substitute one type of abuse
for the other is consistent with the assumption of the
models in that the relationship is not directly causal
but instead dependent on the underlying latent trait,
which is affected directly by the strategy of the political
authorities.

The model developed in this article can be extended
to help address this issue. Such an extension with its
requisite theoretical justification is outside the scope
of this article. However, I have estimated alternative
versions of the dynamic standard model and the con-
stant standard model which relax the assumption of
local independence of different indicators within the
same country-year. The latent variables estimates pro-
duced by these models follow the same pattern as the
latent variable estimates presented below. Briefly in
the appendices I describe this model and several al-
ternatives, which might be useful extensions for future
research (see Appendix P). Overall, these alterations
do not change the main inference of the article, that the
standard of accountability has become more stringent
over time and that the average level of human rights
has improved once this confounding factor is taken into
account.

The models developed above assume that repression
is caused by choices made by the regime that lead to
some “true” level of repression in each country, each
year. This is the latent variable of repression, which
the models attempt to estimate based on observable
outcomes. The observables are each a function of the
latent variable, which are captured in the content of
documents produced by human rights analysts working
for Amnesty International and the U.S. State Depart-
ment. This content is then coded into data by research
analysts (i.e., Cingranelli and Richards 1999, 2012a, b;
Conrad, Haglund and Moore 2013; Gibney, Cornett
and Wood 2012; Hathaway 2002). If the standard of ac-
countability that the monitors use when assessing state
behaviors changes over time, then data derived from
these documents will be biased. Though the standard of
accountability is not directly observable, I have param-
eterized it in the dynamic standard model, which can be
interpreted as the baseline probability of observing a
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FIGURE 3. Yearly Mean and Credible Intervals for Latent Physical Integrity Estimates from Two
Models
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Notes: The dynamic standard model allows the k − 1 difficulty cut points, the baseline probability of being coded at a certain level
on the original standards-based repression variables, to vary over time. The standards-based variables are those which use human
rights reports from the U.S. State Department or Amnesty International as their primary information source. The model with a constant
standard estimates one set of k − 1 cut points for every repression variable including the standards-based variables. The difference
in the two sets of estimates suggests that an increasing standard of accountability explains why the average level of repression has
remained unchanged over time when the changing standard is not taken into account. By allowing this standard to vary with time, a
new picture emerges of improving physical integrity practices over time, which begins after initially deteriorating from the beginning of
the period until the late 1970s. Appendix E contains selected country examples similar to this figure.

given level of repression for a specific standards-based
variable (as modeled by time-varying item cut points).
If, for example, the probability of reporting frequent
levels of torture increases from year to year, then this
is evidence of the changing standard of accountability
as captured by these documents. In the next section, I
compare the model estimates from this new model, the
dynamic standard model, to those from the constant
standard model, which allows me to demonstrate that
the standard of accountability has increased over time
for several of the human rights measures derived from
the content of the human rights reports from Amnesty
International and the U.S. State Department.

RESULTS: PHYSICAL INTEGRITY
PRACTICES HAVE IMPROVED

A comparison of latent variable estimates from the
dynamic standard model with those from the constant
standard model provide strong evidence for a new view
of repression: physical integrity practices have improved
over time. Unobserved changes to the standard of
accountability explain why average levels of repression
have appeared to remain unchanged as the constant
standard model would suggest. Differences in the

average level of the latent variable estimates are
displayed in Figure 3. For the constant standard model
to be more consistent with reality and for this same
pattern to obtain, the monitoring agencies would need
to produce the human rights reports consistently from
year to year and the producers of the event-based data
would need to use a less and less stringent definition of
repression in the assessment of these events over time.
Neither of these alternative behaviors are supported
by the theory nor the model comparison tests, which
I introduce below. First, I discuss how the standard of
accountability manifests for different standards-based
variables.

How does the changing standard of accountability in-
fluence the probability of being coded at a specific level
of repression for the original standards-based variables
over time? Figures 4 and 5 present panels that each dis-
play changes in the item difficulty cut points (thresholds
between values for each repression variable) from the
dynamic standard model for each of the eight variables
derived from the standards-based reports.

The changing standard of accountability does not af-
fect all of the standards-based variables equally. Coun-
tries are far more likely to be coded for frequent torture
based on the CIRI coding rules today than countries
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FIGURE 4. Visualizing the Changing Standard of Accountability
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CIRI: Disappearance

1981 1985 1990 1995 2000 2005 2010

-6

-5

-4

-3

-2

-1

0

1

2

3

4

5

6

C
ut

 P
oi

nt
s 

(T
hr

es
ho

ld
s 

B
et

w
ee

n 
V

al
ue

s) mean
line of best fit

Dynamic Standard of Accountability
CIRI: Political Imprisonment

Notes: An increase in the difficulty cut points translates directly into a statistically significant change in the probability of being classified
as a 0, 1, or 2 on the original CIRI variables such that being classified as 0 (e.g., frequent abuse) becomes more likely and 2 (e.g., no
abuse) becomes less likely as a function of time. There is no statistical relationship between the Political Prison variable and time. See
Appendix G for the posterior estimates of these parameters and Appendix F for additional figures.

with similar levels of repression just a few decades
ago. As the standard of accountability becomes more
stringent, monitoring agencies look harder for torture,
look in more places for torture, and classify more acts
as torture. All of the standards-based variables, with
the exception of the CIRI imprisonment variable and
the ITT torture variable, are affected by changes to
the standard of accountability (see Appendices F and
G for more details). However, as Clark (2001) dis-

cusses in her book, the original mission of Amnesty
International was to document political imprisonment.
The documentation of other human rights abuses came
about as states responded to the advocacy efforts of
Amnesty and other human rights NGOs. It is not sur-
prising that the human rights reports consistently doc-
ument political imprisonment over time. The lack of
temporal change in the probability of coding levels of
torture in the ITT data may reflect the relatively short

309



Respect for Human Rights has Improved Over Time May 2014

FIGURE 5. Visualizing the Changing Standard of Accountability
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Notes: A decrease in the difficulty cut points translates directly into a statistically significant change in the probability of being classified
as a 1, 2, 3, 4, or 5 on the original political terror scale variables and the hathaway torture variable such that being classified as 1 (e.g.,
little to no abuse) becomes less likely and 5 (e.g., widespread abuse) becomes more likely as a function of time. There is no statistical
relationship between the ITT variable and time. See Appendix G for the posterior estimates of these parameters and Appendix F for
additional figures.

period of coverage (1995–2005) or differences between
Amnesty’s Urgent Action Reports, upon which these
data are based, and the annual report used by the other
data sources. Additional analysis is necessary on this
specific issue.

The lack of results for these two variables is ac-
tually quite encouraging for the plausibility of the
dynamic standard model. In effect, these two vari-

ables, in addition to the five event-based indicators,
acted as a baseline for the model so that both the
overall level of repression and the changing standard
of accountability could be estimated simultaneously.
These results help to alleviate concern that the chang-
ing standard of accountability is an unwanted arti-
fact rather than a theoretically specified feature of the
model.
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MODEL COMPARISONS

Deviance Information Criteria (DIC)

Next, I test to see if the dynamic standard model is
a better approximation of reality relative to the alter-
native constant standard model. Readers should keep
in mind that all existing models of repression—those
based on information from the annual human rights
reports—make the same assumption about a constant
standard of accountability over time. Models of repres-
sion include all of the existing human rights scales that
aggregate information about different rights abuses
from the annual human rights reports (Cingranelli and
Richards 1999, 2012a, b; Gibney, Cornett and Wood
2012; Hathaway 2002) in addition to the latent vari-
able model recently developed by Schnakenberg and
Fariss (2014) and the factor analytic method used by
Landman and Larizza (2009). By comparing the esti-
mates from the two latent variable models, I am able to
test the hypothesis that an increase in the standard of
accountability—the probability of observing and there-
fore coding a repressive outcome (as modeled by time-
varying item cut points)—increases over time for the
repression variables derived from the human rights
reports.

For these tests, I first present a statistic called the
Deviance Information Criterion or DIC for short. This
statistic provides information analogous to a penal-
ized likelihood ratio test or simply the comparison of
adjusted-R2 statistics from competing models. For the
DIC statistic, relatively smaller values indicate that a
model explains more of the variance in outcome vari-
ables compared to an alternative model. Recall that
the outcome variables in both models are the origi-
nal repression variables. The DIC statistic is a method
useful for comparing the models in this article because
it penalizes more complex models so that the more
parsimonious one is favored, all else equal (Gelman
et al. 2003). Thus a smaller DIC for this more complex
model is strong evidence of its improvement over alter-
natives. Spiegelhalter, Best, Carlin and Van Der Linde
(2002) proposed that differences of greater than 5 or
10 provide substantial evidence in favor of the model
with the lower DIC. The DIC statistics are 53,706 for
the dynamic standard model and 55,027 for the con-
stant standard model, which is a difference of several
thousand in favor of the dynamic standard model. See
Appendix I for more details.

Posterior Predictive Checks

Posterior predictive checks assess the quality of the
model by direct comparison of model predictions from
competing models. These tests compare predictions of
the original repression variables generated by the two
competing latent variable models. The results suggest
that the dynamic standard model again outperforms its
competitor.

At every iteration of the MCMC algorithm, the
model parameters can be used to make a prediction of
each of the observed repression variables included in

the model. The better fitting model should on average
generate predictions closer to the observed values of
these variables when compared to similar predictions
from a competing model (Gelman and Hill 2007).

Formally, for each draw from the posterior distri-
bution, I predict each of the j items yit j for every
country-year observation for which yit j is observed.
Since there are thousands of draws from the poste-
rior distribution, indexed by d, I am able to calculate
the sum of squared differences of observed yit j and
the posterior predicted values ŷdynamic

it j d from the dy-

namic standard model using the equation: Sdynamic
it j =

∑
d(yit j − ŷdynamic

it j d )2 and likewise for the posterior pre-
dicted values ŷconstant

it j d from the constant standard model:
Sconstant

it j = ∑
d(yit j − ŷconstant

it j d )2

I have aggregated the sum of squared difference for
each observation to compare values for the same obser-
vation from the competing models. These comparisons
are captured in Figure 6 and a table in Appendix J. Fig-
ure 6 displays the proportion of observations such that :
Sdynamic

it j ≤ Sconstant
it j, or in words, when the sum of

squared difference from the dynamic standard model
is ≤ to the constant standard model for each country-
year observation for all of the repression variables.
Proportions closer to 1 indicate that the dynamic stan-
dard model outperforms the constant standard model
at predicting the original repression variables. Propor-
tions closer to 0 indicate the opposite. Proportions
at 0.50 indicate that both models are predicting the
items with about the same amount of error relative to
each other. The proportions increase as the number
of observations with a smaller sum of squared devia-
tion increases when comparing the dynamic standard
model and the constant standard model. The dynamic
standard model does a much better job of predicting
the original repression variables, especially the event-
based variables. The improvement occurs for the event-
based variables because of the temporal bias that exists
in the standards-based variables. The constant standard
model does not account for this bias, which reduces its
ability to accurately predict the values of the event-
based data not affected by the changing standard of
accountability.

THE CHANGING STANDARD OF
ACCOUNTABILITY AND TREATY
COMPLIANCE: THE CASE OF THE
CONVENTION AGAINST TORTURE

In this section, I illustrate the substantive impor-
tance of the changing standard of accountability for
international relations theory by showing that ratifi-
cation of the UN Convention Against Torture and
respect for physical integrity rights is positive. This
result contradicts negative findings from existing re-
search. As the standard of accountability has increased
over time, empirical associations with human rights
data derived from standards-based documents and
other variables will be biased if changes in the hu-
man rights documents are not accounted for. This is

311



Respect for Human Rights has Improved Over Time May 2014

FIGURE 6. Proportion of Predicted Observations
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Notes: Proportions closer to 1 indicate that the dynamic standard model outperforms the constant standard model at predicting the
original repression variables. Proportions closer to 0 indicate the opposite. Proportions at 0.50 indicate that both models are predicting
the items with about the same amount of error relative to each other. The dynamic standard model does a much better job of predicting
the original repression variables, especially the event-based variables.

especially true for variables that measure the existence
of institutions that are correlated with time, such as
whether or not the UN Convention Against Torture
has been ratified.

In the international relations literature there are
two opposing viewpoints on treaty effectiveness. Au-
thors such as Morrow (2007), Simmons (2000), and
Simmons and Hopkins (2005) argue that treaty rat-
ification constrains actors to modify their behaviors
by creating costs for noncompliance. An alternative
viewpoint is that countries only ratify a treaty if they
would have complied even in the absence of the treaty.
Thus, treaties have no effect on the behavior codi-
fied within the treaty, such as the level of coopera-
tion (e.g., Downs, Rocke and Barsoom 1996; Von Stein
2005), or ratification of certain human rights treaties
(e.g., Hafner-Burton and Ron 2009; Hafner-Burton and
Tsutsui 2005, 2007; Hathaway 2002). The results pre-
sented here call into question this second viewpoint.
The new latent variable model I have developed pro-
vides a way to improve the measurement of respect
for human rights specifically and potentially the mea-
surement of other forms of compliance in international
relations more generally.

For this demonstration, I compare linear model co-
efficients using the latent variable from the constant
standard model and the latent variable from the dy-
namic standard model. That is, I estimate two lin-
ear regression equations using the latent physical in-
tegrity variables from the two measurement models as
dependent variables. I regress these variables on a bi-
nary variable that measures whether or not a country
has ratified the Convention Against Torture in a given
year. I also include several control variables.31

New inferences are obtained by simply replacing the
dependent variable derived from the constant standard
model with the one from the dynamic standard model.
Figure 7 plots the coefficient for CAT ratification from
the linear models, which each use one of the two la-
tent physical integrity dependent variables. The linear
regression using the dependent variable from the con-
stant standard model generates a negative coefficient,

31 I include measures of democracy (Marshall, Jaggers and Gurr
2013), the natural log of GDP per capita (Gleditsch 2002), the natural
log of population, and the lagged value of the latent variable. See
Appendix N for more information about this and other specifications
in addition to information about incorporating uncertainty inherent
in the lagged latent variable.
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FIGURE 7. Estimated Coefficient for CAT (the UN Convention Against Torture) Ratification From
the Linear Model using the Dependent Latent Physical Integrity Variables From the Constant
Standard Model and the Dynamic Standard Model, Respectively.
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which corroborates results from earlier work. Com-
parison with the regression coefficient from the model
using the dependent variable from the dynamic stan-
dard model is striking. The coefficient has flipped signs
and is statistically significant when compared with 0
(p < 0.098) and the alternative coefficient (p < 0.004).
These results suggest that human rights protectors are
more likely to ratify the treaty, that the treaty may in
fact have some causal effect on human rights protec-
tion, or possibly both. Overall, these findings suggest
that the treaty is not merely cover for human rights
abusers.

Note that these models are not designed for causal
inference and, though a variety of selection issues are
known to exist when using this specification,32 the re-
sults from this type of model have spawned a large

32 See discussions in Neumayer (2005), Simmons and Hopkins
(2005), Von Stein (2005), Simmons (2009), Hill (2010), and most
recently Conrad and Ritter (2013) and Lupu (2013b). The selection
issue that these authors address is orthogonal to the differences in
the two latent variable models. It is therefore sufficient to use this
illustration to demonstrate how different inferences are obtained
using the latent variable from the dynamic standard model.

literature because of the counterintuitive, negative cor-
relation found between ratification and respect for
human rights (e.g., Hafner-Burton and Tsutsui 2005,
2007; Hathaway 2002; Hollyer and Rosendorff 2011;
Vreeland 2008). Though this finding has been criti-
cized (Clark and Sikkink 2013; Goodman and Jinks
2003), it is generally taken for granted in the litera-
ture (Hafner-Burton and Ron 2009). Importantly, this
new result calls into question a key assumption about
state behavior made in several recent articles (e.g.,
Hollyer and Rosendorff 2011; Vreeland 2008) and a
book (Hafner-Burton 2013) on human rights treaty
compliance. The conclusions and policy recommenda-
tions from this work should be re-evaluated.

Overall, much additional testing is needed to probe
the differences between existing empirical relation-
ships and the new relationships generated using the
latent physical integrity estimates derived from the
dynamic standard model. A recent manuscript uses
cross-validation and random forest methods to deter-
mine the predictive power of the covariates identified
as important in the literature on repression using the
existing CIRI and PTS physical integrity scales and the
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new estimates presented in this article (Hill and Jones
2014). The cross-validation and random forest methods
corroborate the result that ratification of the Conven-
tion Against Torture is positively associated with the
new latent variable generated from the dynamic stan-
dard model presented in this article. The authors also
find that measures of civil war (e.g., Davenport 2007a;
Poe and Tate 1994), “youth bulges” (Nordås and Dav-
enport 2013), domestic legal institutions (Keith, Tate
and Poe 2009), and state reliance on natural resource
rents (Demeritt and Young 2013), are good predictors
of levels of repression. I also examine the relationship
between the new latent variable estimates and other
human rights treaties in another article (Fariss 2014).
The new model introduced in this article might also be
useful for analyzing other issue areas of treaty compli-
ance in international relations, which I leave for future
research.

SUGGESTIONS FOR FUTURE RESEARCH

If changes in the standard of accountability are not ad-
dressed in applied research, then biased inferences are
the likely result. Bias occurs because of the increasing
number of years for which standards-based variables
exist. Figure 8 captures the increasing disagreement be-
tween the latent variables estimates generated from the
dynamic standard model and those from the constant
standard model (1976–2010). The disagreement occurs
because the dynamic standard model incorporates the
changing standard of accountability, whereas the con-
stant standard model, which is biased, does not.

The first option for analysts is to simply use the new
latent repression estimates from the dynamic standard
model. As I demonstrated in Section 7, a linear model
can easily accommodate the latent repression estimates
as the dependent variable. Schnakenberg and Fariss
(2014) describe a method for incorporating the uncer-
tainty associated with the latent variable estimates in
this model or any other model that uses the lagged
latent variable estimates as an independent variable
(see Appendix L for more details).

Analysts interested in any of the standards-based
variables as a dependent variable should consider using
a hierarchical model with the lagged estimate of re-
pression generated from the dynamic standard model
in addition to specifying time-varying cut points. This
specification will help to avoid generating biased infer-
ences. Through Bayesian simulations, programs such as
JAGS, Stan, or WinBUGS can handle this more diffi-
cult to estimate model when using the standards-based
variables. The alternative to this approach still involves
specifying a time variable (a count of the number of
years in the study beginning with the first year) inter-
acted with the lagged repression estimates generated
in this article. In the appendix (Appendices L and M), I
describe the specification for models using the original
standards-based variables. I also present a procedure
for modeling the original binary event data. These anal-
yses also generate additional predictive validity statis-

tics that corroborate the results from the DIC statistics
and posterior predictive checks presented above.

CONCLUSION

By allowing the standard of accountability to vary with
time, a new picture emerges of improving physical in-
tegrity practices over time. Recall the research question
I posed at the beginning of this article: Have levels of
political repression changed? To answer this question,
I argued that the use of repressive policy tools appears
unchanged over time because of the unaccounted-for
standard of accountability that monitoring agencies use
to hold states responsible for abuse. I theorized that
the standard of accountability, which I defined as a
set of expectations or norms that state behaviors are
measured against, changed over time because of the
combination of three tactics that make up the strategies
of monitoring agencies. The standard of accountability
changes over time because of the incentives of report-
ing agencies to (1) gather more accurate information
about credible allegations of repression, (2) broaden
the coverage of information gathering campaigns with
the help of other NGOs, and (3) continually press
governments to reform through naming and shaming
campaigns, even after real reforms are implemented
to reduce more egregious rights violations by those
governments. The theory allowed me to parameterize
a measurement model of repression that incorporates
the changing standard of accountability by allowing the
baseline probability of observing a given level of re-
pression (as modeled by time-varying item cut points)
for a specific repression variable to vary over time.

The results provide strong evidence that the chang-
ing standard of accountability affects the content of
the human rights country reports produced annually
by Amnesty International and the U.S. State Depart-
ment. The answer to the question posed above is that
respect for physical integrity rights has improved after
all. Put another way, the level of repression has de-
creased in the system over time, but this change was
masked in the text of the human rights documents by
a confounding factor—the standard or accountability—
for which researchers had not previously accounted. By
accounting for this additional factor, a new picture of
global repression emerges in which conditions actually
improve over the period of study (1949–2010), since
hitting a low point in the mid-1970s. This result has
implications for the research agenda of many human
rights scholars and should not be left unaddressed in
future research. In Section 7, I demonstrated that the
empirical relationship between the new physical in-
tegrity variable and ratification of the UN Convention
Against Torture is positive, which contradicts results
from earlier research. Any variable that changes over
time and leads to a difference in the level of protection
for human rights, like ratification of the Convention
Against Torture, is working against temporal bias in
the existing human rights scales. Thus, the new esti-
mates I have generated as part of this project can be
used to reassess other empirical relationships in the
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FIGURE 8. Relationship Between the Latent Variable Estimates Generated From the Dynamic
Standard Model on the y Axis and the Estimates Generated From the Constant Standard Model on
the x Axis (1976–2010)
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quantitative human rights literature. In addition to us-
ing the new latent variable estimates, it is also possible
to reassess relationships with the existing scales. Briefly
in Section 8 and in more detail in the appendices, I
discussed several methods for addressing the issue of
temporal bias in empirical research that uses existing
standards-based data and event-based data as depen-
dent variables. The new latent variable model I have
developed provides a way to improve the measure-
ment of respect for human rights specifically and poten-
tially the measurement of other forms of treaty compli-
ance or other behaviors in international relations more
generally.

To close, I wish to emphasize that the theory and
model developed in this article are not meant as a
critique of any of the standards-based variables them-
selves. As should be clear, the theory and the model
derived from it are focused solely on the changing
standard of accountability, which influences the strate-
gies used by monitoring agencies to generate primary
source documents. It is these monitoring agencies and
the documents they produce which are under investi-
gation. In fact, this article is itself a testament to the

quality of the standards-based data because each of
the variables included in the analysis reliably and ac-
curately operationalizes content from these reports.33

However, as Clark and Sikkink (2013) discuss, the
coding scheme itself may not accurately capture all of
the variation in human rights levels that exist in reality.
However, I believe that the coding of the reports is
reliable. By reliable, I mean that the CIRI, PTS, and
Hathaway variables consistently represent the content
of the human rights reports published annually by
the U.S. State Department and Amnesty International,
conditional on the scheme itself. The argument made
by Clark and Sikkink is about the validity of the CIRI
and PTS variables relative to the theoretical construct
of interest, which is respect for human rights. If the
PTS or CIRI teams were only interested in accurately
measuring the content of the reports then there would
be little reason for Clark and Sikkink to question the
validity of the resulting variables. The validity comes

33 Each of the data sources report reliability statistics in their respec-
tive code books.
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into questions when researchers make the conceptual
leap from variables which are based on coded reports
to the assumption that the values of those variables
represent the “true” level of human rights abuse. This
is an important theoretical distinction which is often
overlooked when the PTS, CIRI, and Hathaway vari-
ables are presented as measurements of abuse instead
of reported abuse.

What this theoretical distinction means in practice
however, is that the coded values from the human
rights reports come to mean something different when
the reports change systematically. This is especially the
case for over time changes, which the dynamic stan-
dard model addresses. My analysis, though not about
content analysis per se, is focused on the comparison
of coded human rights documents that have system-
atically changed over time. However, as the tools of
automated content analysis become more popular and
accepted in political science, it will be all the more
important to determine if the documents selected for
analysis are comparable. That is, have the documents
systematically changed thus biasing the resulting cod-
ings? If so, what are the solutions to such issues? In
this article, I have offered an applied solution for this
problem in the context of hand-coded human rights
documents, which in principle could be adapted to
other corpuses of expert-coded or machine-coded text.
One promising area of research in which the dynamic
standard model could prove of direct use is in the mea-
surement of democracy. Though much has been written
about the measurement of democracy (e.g., Gleditsch
and Ward 1997; Przeworski, Alvarez, Cheibub and
Limongi 2000), there are few systemic assessments of
how the conceptualization and therefore the values of
the Polity scale or alternative latent democracy vari-
ables (e.g., Pemstein, Meserve and Melton 2010; Treier
and Jackman 2008) change over time.
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