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Abstract

What explains the global rise in human rights violations in the name of counterterror-
ism and national security? Comparative research has been limited by the absence of
data distinguishing counterterrorism-linked abuses from other repression. I fill t his gap
by fine-tuning a large language m odel t o i dentify violations framed in counterterrorism
terms—with the specific tactics and targets involved—in human rights reports, producing
a new cross-national time-series dataset. Using fixed effects models and machine-learning
analyses, I examine whether counterterrorism abuses are primarily security-driven re-
sponses to terrorism, strategic acts of authoritarian control, or products of diffusion
through security coalitions aligned with the United States or China and Russia. The find-
ings suggest that autocracy is the most consistent predictor of counterterrorism-related
human rights allegations, especially for physical integrity abuses and civic-space allega-
tions. By contrast, terrorism threat is associated with only some forms of counterterrorism-

linked repression, while security cooperation matters less.



Introduction

What explains the global rise in human rights violations committed in the name of
counterterrorism and national security? Following the 9/11 terror attacks, UN Secu-
rity Council Resolution 1373 encouraged states to intensify efforts combatting terrorism
and extremism. By 2012, just over a decade later, more than 140 governments had passed
antiterrorism laws that often “reconfigure the balance between state powers and individ-
ual freedoms |...]| at the expense of rights rather than to protect rights”™—a pattern that
persists to this day (Amnesty International, 2018, p. 14; Human Rights Watch, 2012).
More than targeting terrorist suspects, these laws have been used to suppress dissent, re-
strict civil society, and criminalize ethnic, religious, and social minorities (Human Rights
Watch 2012). For example, in Turkey, antiterrorism laws silence regime critics—including
Kurdish protesters and politicians, journalists, academics, and other activists—while in
China, authorities invoke counterterrorism to justify mass detention, surveillance, and
abuse of Uyghur and other Turkic Muslim communities in Xinjiang (Baser, Akgoniil, and
Oztiirk [2017; Bouscaren 2021; Kumar [2020; Wang 2020).

Examining the drivers of these cross-national patterns could help policymakers and
practitioners understand why some states adopt more repressive approaches than others.
However, systematic comparison has been limited by the absence of cross-national data
isolating counterterrorism-linked abuses from other forms of repression. Although past
studies have advanced our understanding of the relationship between terrorism and re-
pression, most research relies on aggregate human rights measures that blur which abuses
are actually linked to counterterrorism, or focus on just one or two countries, limiting
generalizability (Berrebi and Klor 2008; Daxecker and Hess [2013; Dreher, Gassebner,
and Siemers 2010; Getmansky and Zeitzoff 2014} Kurrild-Klitgaard, Justesen, and Klem-
mensen [2006; Nanes 2017; Piazza and Walsh 2009)).

I address this gap by fine-tuning a large language model (LLM) to identify human
rights violations explicitly framed in counterterrorism terms, including the tactics and

targets, in annual human rights reports from 1999-2016[] Using this new cross-national

!This study contributes to the growing application of computational methods to political science



time-series dataset, I use poisson fixed effects and random forest models to assess how
strongly terrorism threat, authoritarianism, and participation in the US-led Rendition,
Detention, and Interrogation (RDI) program and the Chinese-Russian-led Shanghai Co-
operation Organization (SCO) predict these abuses. This original dataset also lets me
re-examine prior findings and assess which explanations hold under a more precise, glob-
ally comparable measure.

First, I test the conventional security-logic view that higher terrorism threat increases
pressure on governments to act and public tolerance for security-rights trade-offs, re-
sulting in more counterterrorism-linked violations where attacks are higher. Second, I
suggest that even in environments where the political costs of repression are low, which
might seem to make legal cover unnecessary, framing human rights abuses as counterter-
rorism operations remains especially useful. Specifically, I expect that weak oversight in
autocracies, relative to more democratic regimes, makes it easier for leaders to weaponise
counterterrorism rhetoric and law to recast opponents as security threats and legitimise
repression, with the aim of narrowing avenues for contestation. Third, I anticipate that
participation in counterterrorism-focused security coalitions such as the CIA RDI pro-
gram and the SCO will diffuse security-first norms and lower the costs of repression,
leading members to exhibit higher counterterrorism-linked abuse than non-members.

The findings suggest that autocracy is the most consistent predictor of counterterrorism-
related human rights allegations. Terrorism levels are also associated with some outcomes,
especially physical integrity abuses and allegations targeting civil society, activists, and
journalists. However, for this latter category, autocracy is more predictive than terror-
ism—in line with the study’s argument that counterterrorism rhetoric and laws provide
political cover to silence critics and consolidate executive power where institutional con-
straints are weak. Overall, these results reflect a dual logic: counterterrorism-linked
repression is partly reactive to security concerns, but more often reflects an authoritarian
strategy to restrict civic space and silence dissent. While participation in CIA RDI and

the SCO show little evidence of associations on their own, interaction models suggest that

topics (Ballinger [2024; Brandt et al. [2024; Dorff, Gallop, and Minhas 2023; Edgerton [2024; Halterman
and Keith 2025)).



CIA RDI involvement is linked to more counterterrorism-linked abuses when combined
with higher levels of autocracy and SCO participation.

This study contributes to human rights and counterterrorism literature in several
ways. First, it introduces a more granular operationalisation of counterterrorism-related
violations, offering one of the first systematic efforts to disaggregate and explain these
abuses within a comparative framework | Second, it offers new empirical evidence of how
governments use broad terrorism definitions to silence critical voices, highlighting how
regime incentives shape strategic abuse. Third, the dataset creates future research op-
portunities into other domestic, regional, and international drivers. Finally, the study’s
machine-learning design, which uses permutation importance and accumulated local ef-
fects (ALESs) to assess predictive power and feature effects, provides a replicable template
for systematically exploring new datasets. The findings from the article also have im-
portant implications for policy makers and civil society advocates that seek to prevent
governments from violating human rights in the name of national security and countert-

errorism.

Theoretical Expectations

Security-Driven Repression

Grave security threats often lead states to view human rights violations as necessary costs
to contain violence (Ritter and Conrad 2016). Prior research frames this as a trade-off
between countering terrorism and preserving civil liberties (Cordell 2019; Rosendorff and
Sandler 2004)). Following an attack, governments are under pressure to signal competence
and reassure the public by acting decisively, even if it means curtailing rights, with
repression being used to disrupt terrorist recruitment, punish perpetrators, and gather
intelligence (Davenport and Inman 2012; Piazza and Walsh 2009; Stohl 2006)). The
public tends to support this security-civil liberties trade-off, with evidence that citizens

are willing to tolerate abuses against terrorist suspects when national security is perceived

2See also Jessica Stanton’s book project, The Global Diffusion of Anti- Terrorism Law and Its Impact
on Human Rights (Stanton 2025)).



to be at risk (Cordell 2019; Davis and Silver 2004; Kearns and Young 2020; Rosendorff
and Sandler 2004). This logic suggests that countries experiencing more terrorism should
be more prone to repress in the name of security. However, empirical findings remain
mixed: while some studies find that terrorism increases a country’s overall incidence of
severe violations like disappearances and extrajudicial killings, others find no effect—or
different patterns—for torture, political imprisonment, or restrictions on speech (Dreher,
Gassebner, and Siemers 2010; Piazza and Walsh [2009; Stone 2004). These inconsistencies
highlight the need for more targeted data, as aggregate human rights scores used in prior
work may obscure the subset of abuses explicitly tied to counterterrorismff| Therefore, I
hypothesize:

H1: Higher levels of terrorist attacks are associated with a greater increase in human

rights violations in the name of counterterrorism than lower levels of terrorism.

Strategic Authoritarian Abuse

Counterterrorism rhetoric also legitimizes and provides political cover for repression, es-
pecially in regimes facing few institutional constraints. Although authoritarian govern-
ments have long invoked counterterrorism to justify repression of dissent, the post-9/11
environment provided unusually strong normative cover for regimes to expand their co-
ercive powers, even in the absence of a genuine terrorist threat (Amnesty International
2018; Human Rights Watch 2012)). This strategy often exploits the lack of a universally
agreed definition of terrorism, enabling governments to define threats broadly in ways
that serve their political interests and justify expanding executive authority (Crenshaw
2004; A. Richards 2014). While democratic institutions are more likely to constrain

such behavior, autocracies with weaker checks and balances are more likely to instru-

3Because cross-national data isolating counterterrorism-linked abuses were unavailable, most existing
studies base their findings on annual country physical integrity rights scores from the Political Terror
Scale or the CIRI Human Rights Data Project that capture many other types of abuses beyond those
perpetrated in the name of counterterrorism (Cingranelli, D. L. Richards, and Clay 2014; Gibney et al.
2021; Mark et al. 2023). Using a country’s aggregate human rights score is unsuitable for studying this
topic as counter-terrorism human rights abuses are just a subset of a country’s repression portfolio and
may introduce substantial measurement error which bias results. The data developed in this study is
among the first to provide a solution to this problem by disaggregating counter-terrorism human rights
abuses from a country’s overall human rights record.



mentalize counterterrorism discourse to silence critics, restrict civil society, and target
marginalized groups (Baser, Akgoniil, and Oztiirk 2017; Bueno De Mesquita et al. 2005
Cordell 2021} Davenport and Inman 2012; Daxecker and Hess 2013; Kelley 2007; Kibret
2017; Rosendorff and Sandler 2004). Framing these actors as security threats allows
governments to undermine critics and opponents, tap into societal biases, reduce pub-
lic sympathy for victims, and deflect domestic and international criticism (Conrad et
al. 2018; Lupu and Wallace 2019; Special Rapporteur on Counter-terrorism and Hu-
man Rights [2025; Workneh and Haridakis 2021)). However, most studies examining this
logic rely on single-country evidence, limiting external generalizability. Cross-national
data—especially on who is targeted—could help separate and explain strategic misuse of
counterterrorism from genuine security-driven repression. Therefore, I hypothesize:

H2: Higher levels of autocracy are associated with a greater increase in human rights

violations in the name of counterterrorism than lower levels of autocracy.

Security Cooperation

Post-9/11 security networks could have accelerated the global rise in counterterrorism-
linked violations by spreading security-first norms and practices across states. While
most studies link repression to domestic factors, diffusion theories emphasize that state
behaviour is also shaped by the actions and expectations of other states (Olar 2024). Se-
curity networks, such as the US-led CIA RDI program, which enlisted states to secretly
capture, transfer, and torture terrorist suspects after 9/11, and the China-Russia-led
SCO, which promotes cooperation against the “three evils” of terrorism, separatism, and
extremism and facilitates the transfer of individuals accused of these crimes to repressive
member states, created dense security coalitions that privilege national security over hu-
man rights (Cordell 2019; Debre 2025). Countries involved in these networks may emulate
the practices modeled and promoted by the US, Russia, and China either because they
perceive reduced reputational or material costs for rights violations, or because they inter-
nalize shared norms through repeated interaction (Schmidt and Sikkink 2018)). “Learning

by doing” within joint intelligence, police, and military operations can normalize broad



terrorism definitions, the suspension of human rights protections, and the targeting of
minority groups labeled as security risks (Schmidt and Sikkink, 2018, p. 1015). Over
time, this embedded alignment may have led governments to adopt legal and institu-
tional frameworks modeled on their respective leaders because repressive tools appear
both politically viable and operationally effective. Therefore, I hypothesize:

H3a: Participation in the CIA Rendition, Detention, and Interrogation program is
associated with a greater increase in human rights violations in the name of counterter-
rorism than among non-participants.

H3b:  Participation in the Shanghait Cooperation Organization is associated with a
greater increase in human rights violations in the name of counterterrorism than among

non-participants.

Alternative Explanations

On the domestic side, prior research suggests that right-wing governments and election
cycles lead to harsher counterterrorism strategies that trade off civil liberties for national
security to satisfy core voters (Berrebi and Klor 2008; Cordell 2021; Getmansky and
Zeitzoff |2014; Nanes [2017). Beyond terrorism threat, other security pressures such as
migration, protest, civil conflict, and ethnic power imbalances likely create incentives
and political cover for incumbents to broaden terrorism definitions and expand antiter-
rorism laws to strengthen executive power and prevent political challenges (Davenport
and Inman [2012; Helbling and Meierrieks 2022; Lee et al. 2004} Ritter and Conrad 2016}
Piazza and Walsh 2009)). Newer regimes—especially those emerging from ethnic civil
war—may also be more prone to engaging in abuses in response to terrorism, due to
“othering,” habituation to abuse, and weaker checks and balances (Piazza and Walsh
2009). Institutionally, democratic backsliding could also increase repression in this is-
sue area by shifting norms and lowering constraints, and states already predisposed to
coercion (baseline human-rights practices) should be more likely to extend those prac-

tices to countering terrorism (Adhikari, King, and Murdie [2024; Fariss 2014). Though



evidence is mixed, larger populations, weaker economies, and colonial institutional lega-
cies have also been shown to correlate with higher levels of repression (Davenport 2007
Dreher, Gassebner, and Siemers [2010). Internationally, greater embeddedness in the
human-rights regime could reduce counterterrorism-linked repression by raising the costs
of noncompliance (Fariss 2018), while foreign aid from security-first donors could push
recipients to prioritize security objectives over rights protections, but likely depend on
the type of aid (Savun and Tirone 2017). However, without cross-national data isolat-
ing counterterrorism-related abuses from other forms of repression, it remains unclear
whether these prior explanations or the mechanisms outlined in this study best account

for observed violations.

Measurement Strategy

Fine-Tuning a Large Language Model

To measure human rights violations in the name of counterterrorism and national secu-
rity, I draw upon Cordell, Clay, et al. (2022)’s corpus of 2 million sentences from Amnesty
International, Human Rights Watch, and the US State Department annual human rights
reports for all countries from 1999-2016f] This sentence-level data spans a wide range of
rights topics and includes both general assessments and detailed descriptions of specific
abuses. While these reports underpin major human rights indicators including the Po-
litical Terror Scale and the CIRI Human Rights Data Project/CIRIGHTS (Cingranelli,
D. L. Richards, and Clay [2014; Gibney et al. 2021 Mark et al. 2023), this study is among
the first to disaggregate and classify individual violations explicitly framed in countert-
errorism terms. Using this corpus, the project began with a hand-coding exercise where
a team of trained research assistants labeled whether 6,136 sentences containing the
terms “counterterror”’, “antiterror”, or “terror” described human rights violations, coding

their abuse type and victim group (when identifiable), with 53% of the sample coded

as violations | Appendix 1 shows the codebook. Table 1 gives examples of hand-coded

4This research design follows a similar approach to Cordell, Clay, et al. (2024).
5Including the term “terror” helps capture references to abuses where victims are labeled as terrorists,



Table 1: Examples of Counterterrorism-Linked Human Rights Violations

Country Year Quote

UK 2005 “Serious human rights violations continued, includ-
ing the persecution of men labelled by the govern-
ment as "suspected international terrorists" on the
basis of secret intelligence.”

Turkey 2008 “The status of at least 550 cases opened against pro-
Kurdish daily Ozgur Gundem under the Antiterror
Law was unclear at year’s end.”

Kazakhstan 2009 “The National Security Service (NSS) [...] , which
carries out special operations relating to national
security and corruption, continued to use counter-
terrorism operations to target minority groups per-
ceived as a threat to national and regional security.”

Kenya 2015 “Human rights organizations complained that secu-
rity forces engaged in widespread arbitrary arrests
and detentions during counterterrorism operations
and targeted ethnic Somalis and Kenyan Muslims.”

Source: Amnesty International and US State Department reports.

allegations.

Using this labeled data, I fine-tune an LLM (DeBERTa V3 Base) for binary classi-
fication of violations (He, Gao, and Chen 2023). BERT-based models use transformer
architecture to learn contextual word representations by predicting masked words, captur-
ing bidirectional meaning for effective fine-tuning across NLP tasks (Devlin et al. 2019).
DeBERTa V3 builds on this with more efficient pretraining by replacing masked word
prediction with replaced token detection, and improved encoding of word position and
meaning.

To evaluate model quality, I compare LLM assigned-labels on held-out test data to
human-coded classifications not used during fine-tuning, repeated 10 times with different
seeds. Appendix 2 reports model performance metrics, and the models perform well. I
then apply the fine-tuned LLM to classify the remaining 20,046 sentences: 13,375 includ-
ing the terms “counterterror”, “antiterror”, and “terror”, and 6,671 additional sentences

mentioning the term “nationsecur”ﬁ This method classifies 45% of sentences in the corpus

and imply a counterterrorism rationale, but the terms “counterterror” or “antiterror” are not used.
6This method assigns each sentence a predicted probability. In this study, I use a default threshold
of 0.5. The dataset includes these original probabilities in case future users wish to choose alternative
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as counterterrorism-related human rights violations.

Data and Descriptive Patterns

Figure 1 displays the pooled count of LLM-identified counterterrorism-related human
rights allegations across the U.S. State Department, Amnesty International, and Human
Rights Watch reports for all countries from 1999 to 2016. The HRV (Any) outcome
captures all allegations identified as counterterrorism-related human rights violations,
while the violation-type and target-identity measures are overlapping subsets of that
aggregate measure. Turkey, Pakistan, Algeria, the United Kingdom, China, Iran, India,
Egypt, Vietnam, Morocco, Malaysia, and Saudi Arabia rank highest on this aggregate
measure: countries well known for engaging in abuses in the name of counterterrorism
and national security. Appendix 3 shows meaningful variation over time in allegations
among the most frequent perpetrators, both for the aggregate measure and for the subset
of allegations where the type of violation or target of abuse is identified.

Five of these countries, Turkey, Pakistan, Algeria, Iran, and Egypt, stand out not only
because they rank among the most frequent perpetrators overall, but also because they
appear among the top countries for both violations of physical integrity (extrajudicial
killings, disappearances, arbitrary arrests, and torture) and civil liberties (restrictions on
speech, expression, the press, and due process). The disaggregated measures also show
that some countries are more prominent for particular forms of abuse than they are in
the aggregate measure. Iraq, Sudan, Peru, and Uganda appear among the top countries
for physical integrity allegations despite not ranking among the highest overall, while
Thailand, Kazakhstan, Ethiopia, and Bahrain rank highly for civil liberties allegations.
The physical integrity and civil liberties measures are moderately positively correlated
with one another, suggesting some overlap in tactics, but also clear differences in how
countries violate rights in the name of counterterrorism.

When it comes to the targeted group, Turkey again appears across all three dis-

aggregated measures, while other countries are more closely associated with particular

thresholds.
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Figure 1: Geographic Distribution of All Counterterrorism-Related Human Rights Al-
legations, 1999-2016

1 525

Note: Total number of HRV (Any) allegations by country, combining allegations from the U.S. State
Department, Amnesty International, and Human Rights Watch reports, 1999-2016. Countries with no
allegations are shown in white.
targets of abuse. Peru, Tunisia, Spain, Australia, and the United States rank highly
for allegations involving terrorist suspects despite not ranking among the countries with
the highest overall allegation totals. Chile, Iraq, Kenya, France, Canada, Thailand, and
Bosnia and Herzegovina are among the countries with the highest counts of allegations
involving ethno-religious and immigrant groups, while Ethiopia, Bahrain, Uganda, Iraq,
and Sudan rank highly for allegations involving civil society, activists, and journalists.
Most victim-type variables are uncorrelated, with only a few weak or mixed associations,
suggesting that countries deploy national security justifications in different ways to target
specific groups.

Figure 2 shows the pooled count of LLM-identified counterterrorism-related human
rights allegations across sources by violation type and target. Over time, we observe a
post-2001 increase in allegations, as well as a sharp uptick between 2014 and 2016, con-

sistent with concerns raised by the human rights community about the global expansion



12

Figure 2: Temporal Variation in Counterterrorism-Related Human Rights Allegations
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of antiterrorism powers after 9/11 and broader patterns of rising authoritarianism (Hu-
man Rights Watch 2012; Nord et al.|[2025)). Because this study’s 1999-2016 window takes
place once human rights reporting practices have largely stabilized, it is less likely that
changes in accountability standards or information effects are driving this trend (Fariss
2014; Fariss, Kenwick, and Reuning 2020). Across the full period, most allegations are
general in that they report a rights violation without identifying the specific tactic or
victim/target. Among allegations that identify a violation type, civil liberties allegations
are most common, followed by physical integrity rights. When a target is named, terrorist
suspects are the most frequent target, followed by civil society, activists, and journalists,
and then ethno-religious and immigrant groups.

Because the allegations come from three reporting sources, the pooled measures com-
bine reports that differ in length, coverage, and organizational focus[]] I use these total
counts in the main analysis because it captures the overall volume of counterterrorism-
linked allegations documented across a major part of the human rights reporting system
and is less sensitive to omissions or emphases in any single source. While this does
not eliminate concerns about the reporting process, since allegations enter these reports
through a complex process shaped by real-world abuse, government framing, reporting
practices, and changing understandings of what counts as counterterrorism-related repres-
sion, it provides a useful baseline for evaluating the study’s hypotheses using evidence
from all three sources. Importantly, the source-specific measures are positively corre-
lated, and further checks do not indicate strong political bias, including no evidence that
the U.S. State Department systematically underreported abuses by War on Terror allies
during this period (see Appendix 4). In the Appendix, I re-estimate the baseline models
separately by reporting source.

Finally, Figure 3 displays binned descriptive relationships between the study’s main

explanatory variables and the aggregate counterterrorism-related human rights measureﬂ

"This matters for the source-specific country-year counts: the U.S. State Department reports are
generally longer and include more allegations than the Amnesty International and Human Rights Watch
reports. Additionally, the U.S. State Department does not produce a country report on itself. As a
result, U.S. counts in the pooled measure come only from Amnesty International and Human Rights
Watch, which is why the United States does not rank higher in the aggregate descriptive figures.

8The independent variables include the logged number of terrorist attacks (Terrorism (log)), a re-
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Figure 3: Binned Relationships Between Explanatory Variables and All
Counterterrorism-Related Allegations
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These plots show that average levels of counterterrorism-related allegations tend to be
higher where terrorism and autocracy are higher, and where CIA RDI involvement and
SCO participation are present. These are descriptive patterns only, but they provide a
useful check that the basic patterns are visible in the raw data before turning to the

models. Appendix 5 also reports between- and within-country variation in the study’s

main variables. The outcome measures contain substantial variation over both space

versed Polity score to capture regime type (Autocracy), and dummy variables for countries that cooper-
ated in the CIA Rendition program and for members, partners, and observers of the Shanghai Coop Org
(Foundations [2013} Marshall and Jaggers [2020; The Shanghai Cooperation Organization 2025; START
2021). Explanatory variables are measured at ¢ — 1, while HRV (Any) allegations are measured at ¢ to
preserve temporal ordering.
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and time, while the explanatory variables vary more strongly between countries but still

contain non-trivial within-country variation.

Empirical Analysis

Research Design

What explains the global rise in human rights violations in the name of counterterrorism
and national security? I first use poisson fixed effects models to estimate the base-
line relationships between terrorism threat, authoritarianism, security cooperation, and
counterterrorism-related repression. These models include country and year fixed effects,
with standard errors clustered by country, allowing me to account for time-invariant dif-
ferences across countries and common shocks or global trends across years. I then use
machine-learning analysis—specifically random forest models repeated across 10 random
seeds, permutation-based feature importance, and bootstrapped accumulated local ef-
fects (ALE) plots—to examine predictive importance and nonlinear relationships (Hill
and Jones 2014 Apley and Zhu 2019; Molnar 2021). The random forest analysis com-
plements the fixed effects models by evaluating which variables most improve predictive
accuracy, capturing nonlinearities and interactions, and providing a more flexible way to
assess relationships among correlated predictors. ALE plots help interpret these models
by showing how predicted allegations change across the observed range of a predictor,
while accounting for the observed distribution of the other variables (Molnar [2021)). Ran-
dom forest models’ out-of-bag (OOB) fit statistics (R? and RMSE) show that the models
are stable across seeds (see Appendix 6).

To analyze whether such repression reflects genuine security responses to terrorism
threats, strategic authoritarian abuse, or diffusion through security coalitions, I aggregate
the LLM-produced sentence-level data to the country-year level for 174 countries from
1999 to 2016 (3,094 observations). The independent variables include the logged number
of terrorist attacks (Terrorism (log) t-1), a reversed Polity score to capture regime type

(Autocracy) , and dummy variables for (i) countries that cooperated in the CIA Rendition
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program, and (ii) members, partners, and observers of the Shanghai Coop Org (Founda-
tions 2013; Marshall and Jaggers 2020; The Shanghai Cooperation Organization 2025}
START 2021). The dependent variables are country-year counts of the counterterrorism-
linked violations, tactics, and targets identified by the fine-tuned LLMJ]

To address potential confounding and assess whether prior findings hold, I include
a broad set of controls. These include logged population, GDP per capita, and state
age (Gleditsch and Ward |1999; World Bank [2022). I also add dummy variables for
democratic backsliding episodes and right-wing governments, an election count, human
rights performance overall, and treaty commitments (as a proxy for embeddedness in
the international human-rights regime) (Cruz, Keefer, and Scartascini 2020; Edgell et al.
2025; Fariss 2014; Fariss 2018; Fariss, Kenwick, and Reuning 2020; Hyde and Marinov
2012). In addition, I control for conflict-related deaths (logged), net migration, logged
US military aid, and counts of protests and excluded ethnic groups (Chenoweth and Shay
2021; McLauchlin, Seymour, and Martel 2022; Pettersson et al. 2021} United Nations and
Social Affairs 2024; Vogt et al. 2015)).

Explanatory and control variables are measured at ¢t —1, while the dependent variables
are measured at ¢ to preserve temporal ordering and reduce concerns about contempo-
raneous reverse causality. Appendix 7 presents descriptive statistics for all independent

and control variables.

Fixed-Effects Models

Tables 2 and 3 report the baseline poisson fixed-effects models for the country-year counts
of counterterrorism-related human rights allegations. Table 2 reports models for the ag-
gregate measure and violation-type outcomes, while Table 3 reports models by target
identity. Overall, the results provide the strongest support for the strategic authoritarian
abuse argument. Autocracy is positive and statistically significant for overall allegations,

physical integrity violations, and allegations involving civil society, activists, and journal-

91 aggregate civil society, activists, and journalists into a civic-space category, and ethno-religious
minorities and immigrant groups into a minority-groups category to reduce sparsity in the country—year
outcomes, and anticipate similar underlying targeting-logics for constraining civic-space actors and dis-
criminating against minority communities.
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Table 2: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights Al-
legations by Violation Type

Dependent Variable:
HRV (Any) Physical Integrity — Civil Liberties

(1) (2) (3)

Terrorism (log) t-1 0.03 0.08** 0.06
(0.03) (0.04) (0.04)
Autocracy t-1 0.03** 0.06*** 0.04*
(0.01) (0.02) (0.02)
CTA Rendition t-1 0.03 —0.17 0.05
(0.14) (0.19) (0.21)
Shanghai Coop Org t-1 0.06 0.15 —0.17
(0.12) (0.16) (0.16)
Population (log) t-1 0.67* 0.87* 0.34
(0.39) (0.45) (0.75)
GDP PC (log) t-1 —0.22 —0.22 —0.64*
(0.26) (0.33) (0.37)
State Age t-1 0.04*** 0.04* 0.07*
(0.01) (0.02) (0.02)
Human Rights t-1 —0.27"* —0.21** —0.26™*
(0.08) (0.10) (0.10)
Human Rights Treaties t-1 —0.02 —0.20 0.01
(0.13) (0.20) (0.18)
Autocratization t-1 0.11 0.06 0.35**
(0.12) (0.18) (0.17)
Right-wing t-1 0.13 0.05 0.002
(0.11) (0.16) (0.17)
Election t-1 —0.01 0.03 —0.01
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.02 0.02 0.03
(0.02) (0.02) (0.02)
Migration Change t-1 0.001 —0.002 0.002
(0.001) (0.003) (0.002)
US Military Aid (log) t-1 0.004 0.01 —0.01
(0.01) (0.01) (0.01)
Protests t-1 —0.01 0.03 —0.07
(0.05) (0.06) (0.08)
Ethnic Exclusion t-1 0.02 0.04 0.05*
(0.02) (0.03) (0.03)
Constant —13.03** —18.71* —9.04
(6.56) (7.57) (12.43)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 2.31 1.14 1.2
Pseudo R2 0.03 0.03 0.03
Log Likelihood —3,742.62 —2,040.72 —2,255.60
AIC 7,869.25 4,465.43 4,895.20

Note: "p<0.1; *p<0.05; **p<0.01
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Table 3: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights Al-
legations by Target Identity

Dependent Variable:
Terrorist Suspects  Ethno-Religious

Civil Society

(1)

(2)

(3)

Terrorism (log) t-1 0.04 —0.08 0.13**
(0.05) (0.09) (0.06)
Autocracy t-1 0.01 —0.03 0.06**
(0.02) (0.04) (0.03)
CTA Rendition t-1 —0.20 0.34 0.33
(0.22) (0.35) (0.40)
Shanghai Coop Org t-1 —0.20 0.24 —0.07
(0.22) (0.39) (0.21)
Population (log) t-1 1.03*** —0.37 0.99
(0.38) (1.38) (1.16)
GDP PC (log) t-1 0.31 —0.87 —0.58
(0.42) (0.55) (0.64)
State Age t-1 0.04 0.02 0.05
(0.02) (0.04) (0.04)
Human Rights t-1 —0.31" —0.23 —0.26
(0.10) (0.24) (0.18)
Human Rights Treaties t-1 —0.18 0.36 0.003
(0.43) (0.32) (0.40)
Autocratization t-1 0.16 0.47 0.47*
(0.21) (0.35) (0.27)
Right-wing t-1 0.12 0.35 —0.03
(0.17) (0.30) (0.26)
Election t-1 —0.01 —0.03 —0.07
(0.04) (0.07) (0.06)
Civil Conflict (log) t-1 —0.004 0.001 0.03
(0.03) (0.04) (0.04)
Migration Change t-1 —0.0001 0.01 0.005
(0.002) (0.01) (0.005)
US Military Aid (log) t-1 —0.001 0.002 —0.01
(0.01) (0.02) (0.01)
Protests t-1 —0.07 0.10 —0.12
(0.06) (0.15) (0.09)
Ethnic Exclusion t-1 —0.03 0.28 0.10™*
(0.05) (0.36) (0.03)
Constant —43.62* —13.14 —19.93
(6.60) (23.77) (19.46)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 0.74 0.48 0.79
Pseudo R2 0.02 0.02 0.03
Log Likelihood —1,392.48 —804.55 —1,303.39
AIC 3,168.96 1,993.09 2,990.78
Note: *p<0.1; *p<0.05; **p<0.01
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ists. It is also positive, though only marginally significant, for civil liberties violations.

By comparison, the evidence for the conventional security-response argument is more
limited. Terrorism threat is positive and statistically significant for physical integrity
violations and allegations involving civil society, activists, and journalists, but not for the
aggregate HRV measure. This matters because the security-response argument would
lead us to expect terrorism threat to be a broad and consistent factor associated with
counterterrorism-linked abuse. Participation in CIA Rendition and the Shanghai Coop
Org is not statistically significant in any of the baseline models, providing little evidence
that these security-cooperation variables have direct associations with counterterrorism-
linked abuse once country and year fixed effects and controls are included.

Several controls also follow expected patterns. Older states are more likely to be
associated with counterterrorism-related allegations, while countries with better overall
human rights performance have fewer such allegations. Autocratization episodes are as-
sociated with more civil liberties allegations in the following year, and ethnic exclusion is
associated with more allegations involving civil society, activists, and journalists. Taken
together, these baseline models suggest that counterterrorism-linked repression is not
simply a response to terrorism threat. Instead, the most consistent evidence points to
autocracy as a key factor associated with counterterrorism-related human rights allega-
tions. Source-specific models in Appendix 8 show a similar broad pattern, although the
results vary across reports in ways consistent with differences in report length and focus.

The results are also substantively similar when using negative binomial models.

Predictive Importance and Nonlinear Relationships

The fixed-effects models identify which variables are statistically associated with coun-
terterrorism linked allegations, but they do not directly show which variables contribute
most to prediction or whether the relationships are nonlinear. I therefore use random
forest models as a complementary analysis (Hill and Jones 2014)). I report these results in
two stages: (1) permutation-based feature importance, averaged across 10 random seeds,

which ranks variables by their contribution to predictive power (Table 4 and Appendix
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Table 4: Permutation Importance of Explanatory Variables Across Counterterrorism-
Related Human Rights Outcomes

HRV Physical Civil Terrorist ~ Ethno- Civil

Variable (Any) Integrity Liberties Suspects Religious Society
Terrorism (log) High High High High Medium  Medium
Autocracy High High High High High High
CTA Rendition Medium Medium Low Medium Medium Medium

Shanghai Coop Org Medium Low Medium Low Medium Low

Note: Each variable is classified as High, Medium, or Low importance based on whether it falls in
the top, middle, or bottom tercile of permutation importance for each outcome. Estimates are aver-
aged across 10 random forest models, one for each random seed. Explanatory variables are measured
at t — 1, while dependent variables are measured at t.

9); and (2) bootstrapped accumulated local effects (ALE) plots from the random forest
model with the highest OOB R?, which show how predicted allegations change across each
feature’s observed range (Figures 4 and 5). I also analyze interaction effects between the
study’s main independent variables in Appendix 10 and discuss the key findings below.

Predictive power: Table 4 summarizes the permutation-based feature importance re-
sults. I classify variables as having high importance if they fall in the top tercile of per-
mutation importance in Appendix 9, medium importance if they fall in the middle tercile,
and low importance if they fall in the bottom tercile. Autocracy is a high-importance pre-
dictor across all outcomes. By contrast, Terrorism threat is high importance for overall
allegations, physical integrity violations, civil liberties violations, and allegations involv-
ing terrorist suspects, but only medium importance for ethno-religious and immigrant
groups and for civil society, activists, and journalists. For the security-cooperation vari-
ables, neither participation in the US-led CIA RDI program nor the China—Russia-led
SCO meets the high-importance threshold for any counterterrorism-related human rights
outcome.

Taken together with the baseline poisson fixed-effects results, these findings clarify
the main pattern. Autocracy is the most consistent factor: it is statistically significant in
the baseline models for overall allegations, physical integrity violations, and civil society

allegations, and it has high predictive importance across all outcomes. Terrorism threat
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Figure 4: Accumulated Local Effects of Terrorism Threat and Autocracy Levels Across
Counterterrorism-Related Human Rights Outcomes.
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Figure 5: Accumulated Local Effects of Participation in CIA Rendition and the Shanghai
Cooperation Organization Across Counterterrorism-Related Human Rights Outcomes.
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matters too, but in a more outcome-specific way. It is not statistically significant for
the aggregate HRV measure, and its predictive importance is lower than autocracy for
allegations targeting civil society, activists, and journalists, as well as ethno-religious and
immigrant groups. The machine-learning analysis is therefore useful as a complement to
the fixed-effects models because it shows how much each variable contributes to prediction
relative to the others, rather than only whether an estimated association is statistically
significant.

Feature effects: Figures 4 and 5 use ALE plots to show how these relationships vary
across the observed range of each predictor. Figure 4 shows that predicted allegations
generally increase as countries become more autocratic and as terrorism levels rise, with
the steepest increases at higher values of these predictors. This is consistent with the
fixed-effects results, but they also show that the relationships are not simply linear. For
the Terrorist Suspects and Ethno-Religious and Immigrant Groups outcomes, consoli-
dated democracies often equal or exceed hybrid regimes, consistent with the role of older
democracies in post-9/11 counterterrorism practices. In Figure 5, CIA RDI involvement
and SCO participation are associated with higher predicted allegations in the ALE plots
across outcomes, although these variables do not reach the high-importance threshold
and are not statistically significant in the baseline fixed-effects models.

Appendix 10 examines interaction effects among the study’s main independent vari-
ables using poisson fixed-effects models and two-dimensional (2D) bootstrapped ALE
heat maps from the random forest models. These analyses are exploratory, but they
point to two patterns that are consistent with the broader argument. First, although
CIA RDI involvement and SCO participation show weaker direct associations on their
own, CIA RDI involvement is linked to more counterterrorism-related allegations when
combined with higher levels of autocracy or with SCO participation. Specifically, au-
tocracies involved in the CIA RDI program are associated with more physical integrity
allegations, while countries involved in both CIA RDI and the SCO have higher allega-
tions of physical integrity violations, violations targeting ethno-religious and immigrant

groups, and violations targeting civil society, activists, and journalists. Second, among
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SCO participants, lower levels of terrorism threat are associated with higher predicted
physical integrity and civil liberties allegations, suggesting that security cooperation may
matter most, or may operate differently, where counterterrorism rhetoric is less clearly
tied to observed terrorism threat.

Among controls that reach the high-importance threshold, the ALEs are broadly con-
sistent with prior findings in the human rights and conflict literature. Larger populations,
weaker overall human rights performance, greater civil conflict intensity, and ethnic exclu-
sion are associated with higher levels of counterterrorism-linked repression (Davenport
2007; Lee et al. 2004; Piazza and Walsh 2009)). Some patterns are more unexpected.
Greater treaty embeddedness is associated with more allegations, reinforcing skepticism
that international law reliably constrains state behavior (Hathaway 2002; Vreeland [2008)).
Richer economies are also associated with higher predicted allegations, suggesting a possi-
ble link between state capacity and the development of counterterrorism-linked repression
apparatuses (Davenport 2007; Dreher, Gassebner, and Siemers 2010)). Finally, although
Piazza and Walsh (2009)) link newer states to higher repression risk, older states are asso-
ciated with more allegations involving ethno-religious and immigrant groups, consistent
with post-9/11 patterns in which older democracies, such as the UK and France, adopted
counterterrorism practices that disproportionately targeted Muslim communities, while
older non-democracies, such as Turkey and China, expanded antiterrorism laws to curb

dissent and neutralize separatist threats.

Conclusion

What explains the global rise in human rights violations in the name of counterterror-
ism and national security? Drawing on a new LLM-produced cross-national time-series
dataset, I show that counterterrorism-linked abuses are not purely reactive to security
concerns; they are also linked to a practice among autocracies of using national-security
rhetoric and laws as political cover to suppress dissent. This supports longstanding con-

cerns raised by the human rights community about the misuse of antiterrorism powers
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after 9/11 (Human Rights Watch 2012)).

This study contributes to human rights and counterterrorism literature in several
ways. First, it introduces a more precise, globally comparable measure of counterterrorism-
related violations, offering one of the first systematic efforts to disaggregate and explain
these abuses. Unlike prior work that relies on aggregate human rights scores or single-
country studies, this analysis reveals how theories hold up across diverse settings when
using a more targeted measure (Berrebi and Klor [2008; Daxecker and Hess 2013; Dreher,
Gassebner, and Siemers 2010; Getmansky and Zeitzoff 2014}, Kurrild-Klitgaard, Justesen,
and Klemmensen [2006; Nanes 2017; Piazza and Walsh [2009). Second, it offers new cross-
national evidence of how governments use broad terrorism definitions to silence critical
voices, highlighting how regime incentives shape strategic abuse. Third, the dataset cre-
ates future research opportunities into other domestic, regional, and international drivers
of counterterrorism-linked abuse. Finally, the study’s machine-learning design provides
a replicable template for systematically exploring new datasets and evaluating where
predictive power lies among new and established hypotheses.

Regarding limitations, like all human rights data, the data reflects what is reported,
not all that occurs, and is shaped by how these sources document abuses. Automated
methods are also imperfect: while the models perform well, some measurement error is
inevitable. Future work could explore aggregation to other levels, develop alternative
intensity measures using latent variable models, examine the content of antiterrorism
laws themselvesEG], and incorporate additional sources, though challenges remain due to
the politicized nature of counterterrorism discourse. Finally, the study’s measurement
strategy can be readily applied to new corpora covering counterterrorism-linked abuses
and updated to include additional years as revised releases of the Cordell, Clay, et al.
(2022) human rights reports dataset become publicly available.

These results also have important policy implications for human rights advocates
and policy makers that seek to prevent governments from violating human rights in

the name of counter-terrorism. While not entirely surprising, it is nonetheless striking

0For example, see Jessica Stanton’s book project, The Global Diffusion of Anti-Terrorism Law and
Its Impact on Human Rights (Stanton 2025)).
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that autocracy, rather than terrorism levels, is more salient for overall allegations and
abuses targeting civil society, activists and journalists. This finding, in particular, sheds
light on how the current global rise in authoritarianism could prompt more governments
to weaponise counterterrorism rhetoric and laws to recast critics as security threats,
legitimise repression, and narrow avenues for contestation—even in contexts where such

practices were previously less common (Nord et al. 2025).
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1 Data Collection Instructions
Human Rights and Counterterrorism Data Project

Your task is to code sentences in the excel spreadsheets according to i) whether the
sentence contains information on a human rights violation made in the name of countert-
errorism and ii) the specific type of violation described. These sentences are extracted
from the annual country human rights reports produced by the US State Department,
Amnesty International and Human Rights Watch. The end goal of the project is to
create a dataset of human rights violations perpetrated by states in the name of counter-
terrorism.

Human Rights: “Human rights are universal values and legal guarantees that protect
individuals and groups against actions and omissions primarily by State agents that in-
terfere with fundamental freedoms, entitlements and human dignity. The full spectrum
of human rights involves respect for, and protection and fulfilment of, civil, cultural, eco-
nomic, political and social rights, as well as the right to development. Human rights are
universal—in other words, they belong inherently to all human beings—and are inter-
dependent and indivisible” (Office of the United Nations High Commissioner for Human
Rights [2008).

Counterterrorism: “Measures designed to combat or prevent terrorism” (Merriam-Webster
n.d.). “States must ensure that any measures taken to counter terrorism comply with
all their obligations under international law, in particular international human rights,
refugee, and international humanitarian law” (United Nations Security Council [2003)).

Coding Instructions
1. Your first task is to complete the Human Rights Violation column as follows:

e Assign 1 to the sentence if it does contain information on a human rights
violation made in the name of counterterrorism.

e Assign 0 to the sentence if it does not contain information on a human rights
violation made in the name of counterterrorism.

2. Your second task is to code the sentences assigned a 1 in the HRV column according
to the following variables:

e Victim: Description of the victim.
e Physical Integrity Rights:
— KILL: Political and Other Extrajudicial Killings/ Arbitrary or Unlawful
Deprivation of Life (1 = yes or 0 = no)
— DISAP: People have disappeared, agents of the state are likely responsible,
and political motivation may be likely (1 = yes or 0 = no).

— TORT: Purposeful inflicting of extreme pain, whether mental or physi-
cal, by government officials or by private individuals at the instigation of
government officials (1 = yes or 0 = no).



— PRIS: Incarceration of people by government officials because of: their
speech; their non-violent opposition to government policies or leaders;
their religious beliefs; their non-violent religious practices including pros-
elytizing; or their membership in a group. Sometimes reports refer to
"prisoners of conscience" (1 = yes or 0 = no).

e Civil Liberties:
— SPEECHPRESS: Extent to which restriction is placed on freedom of the
press, speech or expression (1 = yes or 0 = no).
— DUEPROCESS: Due process refers to a fair judicial process, which in-

cludes a fair trial, qualified legal representation, and the ability to appeal
(1 = yes or 0 = no).

Some variable descriptions are adapted from the Sub-national Analysis of Repression
Project and the Cingranelli-Richards (CIRI) Human Rights Data Project (Cingranelli,
Richards, and Clay 2014; Cordell et al. [2024)).



2 Large Language Model (LLM) Performance Metrics

To evaluate model quality, I compare LLM assigned-labels on held-out test data to human-
coded classifications not used during fine-tuning, repeated 10 times with different seeds.
Table A2 reports the mean across these seeds for accuracy (correct predictions over total
predictions), precision (true positives over predicted positives), recall (true positives over
actual positives), and F1 scores (harmonic mean of precision and recall), area under
the precision-recall curve (precision across all recall thresholds), area under the receiver
operating characteristic curve (true positive rate across all false positive rate thresholds).
I use the F1 score as my primary benchmark. The results indicate that the model
performs well across most categories. The comparatively lower recall for identifying
terrorist suspects and civil society actors likely reflects the difficulty of identifying these
specific targets in the text, even for human coders.

Table A2: Average Model Performance Metrics for Across 10 Seeds

Violation Variable Accuracy Precision Recall F1 Score PR AUC ROC AUC

Human rights 0.84 0.86 0.84 0.85 0.92 0.92
Type

Physical integrity — 0.88 0.73 0.78 0.75 0.80 0.93
Civil liberties 0.91 0.72 0.70 0.71 0.77 0.93
Victim

Terrorist suspects  0.91 0.65 0.61 0.63 0.66 0.91
Ethno-religious 0.97 0.68 0.76 0.71 0.74 0.98
Immigrants 0.98 0.99 0.99 0.99 0.49 0.96
Journalists 0.99 0.84 0.83 0.83 0.87 0.99
Civil society 0.96 0.75 0.63 0.68 0.72 0.94

N = 6,136 sentences. LLM fine-tuned on an 80-20% training-test split. Civil society
actors include activists, political groups, human rights defenders, and lawyers.
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3 Top Country Trends

Figures A3.1-A3.6 show yearly counts of LLM-identified counterterrorism-related allega-
tions for the twelve countries with the highest total counts from 1999 to 2016. Together,
the figures show meaningful variation over time among the most frequent perpetrators,
both for the aggregate measure and for the subset of allegations where the type of viola-
tion or target of abuse is identified. This provides descriptive evidence of within-country
variation in the outcome measures over time, rather than only cross-national differences
in total allegation counts.

Figure A3.1: Counterterrorism-Related Human Rights Allegations Over Time Among
the Top Countries.

HRV (Any): Top Countries, 1999-2016
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Figure A3.2: Physical Integrity Allegations Over Time Among the Top Countries.

Physical Integrity: Top Countries, 1999-2016
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Note: Yearly counts of LLM-identified counterterrorism-related allegations involving physical integrity
violations for the twelve countries with the highest total counts from 1999 to 2016. Allegations are
combined across the U.S. State Department, Amnesty International, and Human Rights Watch reports.
Physical integrity violations include extrajudicial killings, disappearances, arbitrary arrests, and torture.
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Figure A3.3: Civil Liberties Allegations Over Time Among the Top Countries.

Civil Liberties: Top Countries, 1999-2016
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across the U.S. State Department, Amnesty International, and Human Rights Watch reports. Civil lib-
erties violations include restrictions on speech, expression, the press, and due process.
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Figure A3.4: Allegations Targeting Terrorist Suspects Over Time Among the Top Coun-
tries.

Terrorist Suspects: Top Countries, 1999-2016
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the U.S. State Department, Amnesty International, and Human Rights Watch reports.
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Figure A3.5: Allegations Targeting Ethno-Religious and Immigrant Groups Over Time
Among the Top Countries.

Ethno-Religious: Top Countries, 1999-2016
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Figure A3.6: Allegations Targeting Civil Society, Activists, and Journalists Over Time
Among the Top Countries.

Civil Society: Top Countries, 1999-2016
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reports.
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4 Correlation Between Measures

Table A4.1-A4.6 examine overlap in the count variables produced by the Large Language
Model across reporting sources using spearman rank correlations at the country-year
level. The results show that all three sources are positively correlated across all variables.
The strongest agreement tends to be between Amnesty International (AI) and Human
Rights Watch (HRW), followed by HRW and the US State Department (USSD), and the
weakest agreement is between Al and the USSD—but only marginally.

While positive, these moderate correlations are consistent with differences in reporting
practices across sources, rather than clear evidence of systematic political bias (Haschke
and Arnon 2020). Amnesty International and Human Rights Watch reports are shorter,
do not cover all countries, and may omit some violations due to space constraints. the
t-test in Table A4.7 provides little evidence that the USSD under-reported abuses by war
on terror allies during this period. In fact, the opposite is true, which runs counter to
what we would expect if political bias were driving counterterrorism-related human rights
reporting, and is consistent with patterns in the AI and HRW reports.

Table A4.1: HRV (any) spearman rank correlation coefficients

USSD Al HRW
USSD - 0.57%%*  (0.64%**
Al Q.57 - 0.70%%*
HRW  0.64%%*% (.70%** -

Note: Significance codes *p<0.1; **p<0.05; **p<0.01

Table A4.2: Physical integrity spearman rank correlation coefficients

USSD Al HRW
USSD - 0.647%**  (.59%**
Al 0.647%+%* - 0.75%4%
HRW = 0.59%#%*% 0.75%**

Note: Significance codes *p<0.1; **p<0.05; **p<0.01

Table A4.3: Civil liberties spearman rank correlation coefficients

USSD Al HRW
USSD - 0.52%4% (. 52%*x*
Al Q.52 - 0.627%**
HRW  0.52%%*% (.62%**

Note: Significance codes *p<0.1; **p<0.05; **p<0.01
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Table A4.4: Terrorist suspects spearman rank correlation coefficients

USSD Al HRW
USSD - 0.39%**  (0.49%**
Al 0.397%#%* - 0.59%%*
HRW = 0.49%%%  (.59%** -

Note: Significance codes *p<0.1; **p<0.05; **p<0.01

Table A4.5: Ethno-religious and immigrants spearman rank correlation coefficients

USSD Al HRW
USSD - 0.22 0.45%%*
Al 0.22 - 0.57#%%*
HRW  0.45%% (Q.57%**

Note: Significance codes *p<0.1; **p<0.05; **p<0.01

Table A4.6: Civil society, activists and journalists spearman rank correlation coefficients

USSD Al HRW
USSD - 0.57%%* (. 41%%*
Al Q.57 - 0.37%*
HRW  0.41%%%  0.37%* -

Note: Significance codes *p<0.1; **p<0.05; *p<0.01

Table A4.7: Political bias t-test of mean HRVs (any) allegations in USSD reports

WOT Ally Not WOT Ally
0.57%%% 33.027F%

Note: Significance codes *p<0.1; **p<0.05; *p<0.01
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5 Between and Within Country Variation

Table A5 reports between- and within-country variation in the study’s main variables.
Between SD captures variation across countries. Within SD captures variation within
countries over time. Between and within shares report each SD as a percentage of their
combined total. The outcome measures contain substantial variation over both space
and time, while the explanatory variables vary more strongly between countries but still
contain non-trivial within-country variation.

Table A5: Between and Within Country Variation in Main Variables

Variable Mean Between Within Between Within
SD SD  Share (%) Share (%)

Ezxplanatory Variables

Terrorism (log) 1.05 1.35 0.84 62 38
Autocracy -3.63 6.14 1.71 78 22
CIA Rendition 0.29 0.43 0.15 74 26
Shanghai Coop Org 0.06 0.21 0.10 66 34
Dependent Variables

HRV (Any) 291 4.03 2.71 60 40
Physical Integrity 0.94 1.55 1.28 5%) 45
Civil Liberties 1.00 1.63 1.39 54 46
Terrorist Suspects 0.60 1.12 0.84 57 43
Ethno-Religious 0.21 0.50 0.54 48 52
Civil Society 0.40 0.88 0.95 48 52

Note: Between SD captures variation across countries. Within SD captures variation
within countries over time. Between and within shares report each SD as a percent-
age of their combined total. Allegations are combined across reports. Explanatory
variables are measured at t — 1, while dependent variables are measured at ¢.
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6 Random Forest Model Fit Statistics

To assess model stability and rule out seed-specific results, Tables A6.1 and A6.2 dis-
play out of bag (OOB) R? and RMSE for the random forest models predicting each
counterrorism-related human rights outcome across 10 random seeds. Overall, the esti-
mates are stable across seeds.

Table A6.1: Random-forest model fit for violation type outcomes using out-of-bag
(OOB) estimates.

HRV (Any) Physical Integrity  Civil Liberties
Seed R? RMSE R? RMSE R? RMSE

1 0.7711 2.4484 0.6624 1.2305 0.6920 1.2921
2 0.7686  2.4620 0.6626  1.2302  0.6923 1.2915
3 0.7698 2.4558 0.6632  1.2290  0.6929 1.2904
4 0.7680 2.4649 0.6638  1.2279  0.6951 1.2857
5 0.7699 2.4553 0.6618 1.2316  0.6918 1.2926
6 0.7683 2.4636 0.6627  1.2301  0.6908 1.2948
7 0.7699 2.4550 0.6644 1.2269 0.6921 1.2920
8 0.7705 2.4519 0.6635 1.2285 0.6994 1.2766
9 0.7684 2.4631 0.6614  1.2323  0.6956 1.2845
10 0.7692 24590 0.6619  1.2315 0.6951 1.2857

Note: The model with the highest out-of-bag (OOB) R? for
each outcome is highlighted in bold. These models are se-
lected from the 10 random-seed models used in the variable-
importance analysis and are used for the accumulated lo-
cal effects (ALE) plots. Allegations are combined across the
U.S. State Department, Amnesty International, and Human
Rights Watch reports.



15

Table A6.2: Random-forest model fit for the target identity outcomes using out-of-bag
(OOB) estimates.

Terrorist Suspects Ethno-Religious Civil Society
Seed R? RMSE R? RMSE R? RMSE

1 0.7051  0.7822  0.5604 0.5115 0.6110 0.8963
2 0.7069 0.7799 0.5605 0.5115 0.6109 0.8964
3 0.7041  0.7836  0.5562 0.5140 0.6114 0.8958
4 0.7063  0.7807  0.5533 0.5157 0.6128 0.8943
5 0.7034  0.7846  0.5580 0.5130 0.6084  0.8993
6 0.7021  0.7863  0.5550 0.5147 0.6122  0.8949
7
8
9

0.7030  0.7850  0.5527 0.5160 0.6079  0.8998
0.7006  0.7883  0.5505 0.5173 0.6129 0.8941
0.7026  0.7856  0.5541 0.5152 0.6097 0.8977
0.7011  0.7877  0.5593 0.5122 0.6086  0.8990

Note: The model with the highest out-of-bag (OOB) R? for
each outcome is highlighted in bold. These models are se-
lected from the 10 random-seed models used in the variable-
importance analysis and are used for the accumulated local
effects (ALE) plots. Allegations are combined across the U.S.
State Department, Amnesty International, and Human Rights
Watch reports.

—
o
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7 Variable Summary Statistics

Table A7: Summary Statistics, Independent and Control Variables

Variable N Mean S.D. Min Max
Terrorism (log) t-1 2920 1.05 159 0 8.28
Autocracy t-1 2756 -3.63 6.38 -10 10
CTA Rendition t-1 2582 029 045 O 1
Shanghai Coop Org t-1 2582 0.06 023 0 1
Population (log) t-1 2903 1599 1.66 12.38 21.05
GDP PC (log) t-1 2869 8.38 1.48 5.54 11.63
State Age t-1 2920 79.4 6143 O 199
Human Rights t-1 2920 0.51 145 -256 5.34
HR Treaties t-1 2915 1.66 1.16  -591 4.43
Autocratization t-1 2869 0.1 0.3 0 1
Right-wing t-1 2920 019 039 O 1
Election t-1 2920 0.35 0.6 0 2
Civil Conflict (log) t-1 2920 095 227 O 11.18
Migration Change t-1 2903 0.68 12.92  -96.06 209.94
US Military Aid (log) t-1 2920 10.19 6.97 0 22.87
Protests t-1 2920 0.28 0.7 0 6
Ethnic Exclusion t-1 2920 4.58 4.8 1 41
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8 Source-Specific Results

Tables A8.1-A8.6 re-estimate the baseline Poisson fixed-effects models separately for
allegations from the U.S. State Department, Amnesty International, and Human Rights
Watch reports. These models use the same specification as the pooled baseline models
in the main text, but estimate the relationships separately by report source. These
models examine how the baseline relationships vary across report sources, given that
allegations enter each corpus through reporting processes shaped by real-world abuse,
government framing, organizational focus, and changing understandings of what counts
as counterterrorism-related repression. They also provide a check on whether the pooled
results are driven by any single source.

The source-specific results show a similar broad pattern, although the estimates vary
across reports in ways consistent with differences in report length, focus, and the number
of allegations identified in each source. Among the main independent variables, autocracy
shows the greatest consistency across report sources, although no variable is estimated
with the same strength across all three reports. The autocracy results are strongest in the
Human Rights Watch and U.S. State Department models. In the Human Rights Watch
models, autocracy is positive and statistically significant at the 95% confidence level for
HRV (Any), physical integrity violations, civil liberties violations, and ethno-religious and
immigrant groups. It is also positive, though only marginally significant, for civil society,
activists, and journalists. In the U.S. State Department models, autocracy is positive
and statistically significant for physical integrity violations and civil society allegations,
and positive but only marginally significant for HRV (Any). The Amnesty International
models are noisier and provide less consistent evidence for the main independent variables.

The source-specific models also show some report-specific patterns. In the Human
Rights Watch models, terrorism threat is positive and statistically significant for HRV
(Any), physical integrity violations, terrorist suspects, and civil society allegations. In
the U.S. State Department models, CIA RDI involvement is positive and statistically
significant for allegations targeting ethno-religious and immigrant groups. In the Amnesty
International models, SCO participation is negatively associated with HRV (Any) and
civil liberties allegations, which runs against the theoretical expectation and reinforces
the need to interpret source-specific estimates cautiously. This variation is not surprising
because the source-specific models rely on fewer allegations than the pooled measure,
making them more sensitive to differences in report length, organizational focus, source-
specific reporting practices, and sparsity in the underlying counts.

Overall, the source-specific models do not reproduce every result from the pooled
analysis, nor should we expect them to given differences across the reports. However,
they provide some additional support for the main conclusion that autocracy is the most
consistent factor associated with counterterrorism-related human rights allegations, es-
pecially in the HRW and USSD models.
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Table AS8.1: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights
Allegations by Violation Type: US State Department

Dependent variable:

HRV (Any)  Physical Integrity  Civil Liberties
(1) (2) (3)
Terrorism (log) t-1 0.002 0.03 0.04
(0.03) (0.05) (0.04)
Autocracy t-1 0.02* 0.06*** 0.03
(0.01) (0.02) (0.02)
CIA Rendition t-1 —0.004 —0.40 0.14
(0.17) (0.31) (0.25)
Shanghai Coop Org t-1 0.12 0.18 -0.13
(0.12) (0.17) (0.20)
Population (log) t-1 0.58 0.40 0.52
(0.37) (0.71) (0.84)
GDP PC (log) t-1 —0.28 —0.53 —0.40
(0.28) (0.39) (0.44)
State Age t-1 0.05*** 0.06™* 0.06™*
(0.02) (0.03) (0.03)
Human Rights t-1 —0.30"** —0.27* —0.28**
(0.08) (0.12) (0.11)
Human Rights Treaties t-1 —0.02 —0.18 0.09
(0.13) (0.27) (0.16)
Autocratization t-1 0.12 0.15 0.21
(0.12) (0.20) (0.13)
Right-wing t-1 0.07 0.11 —0.07
(0.12) (0.21) (0.20)
Election t-1 —0.04 0.001 —0.01
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.02 0.03 0.05**
(0.02) (0.02) (0.02)
Migration Change t-1 0.002 —0.004 0.001
(0.002) (0.004) (0.002)
US Military Aid (log) t-1 0.01 0.01 —0.003
(0.01) (0.01) (0.01)
Protests t-1 —0.0002 0.05 —0.04
(0.05) (0.06) (0.08)
Ethnic Exclusion t-1 —0.03 —0.02 —0.01
(0.02) (0.04) (0.04)
Constant —11.95* —29.49** —12.78
(6.16) (11.59) (13.82)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 1.65 0.79 0.91
Pseudo R2 0.02 0.03 0.02
Log Likelihood -3102.07 -1511.81 -1874.66
AIC 6588.13 3407.61 4133.33
Note: *p<0.1; **p<0.05; **p<0.01
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Table AS8.2: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights
Allegations by Target Identity: US State Department

Dependent variable:
Terrorist Suspects  Ethno-Religious  Civil Society

(1) (2) 3)
Terrorism (log) t-1 0.03 —0.14 0.09
(0.04) (0.10) (0.06)
Autocracy t-1 0.02 —0.04 0.06™*
(0.02) (0.03) (0.03)
CIA Rendition t-1 —0.32 0.93*** 0.28
(0.32) (0.33) (0.44)
Shanghai Coop Org t-1 —0.32 —0.02 0.09
(0.24) (0.39) (0.21)
Population (log) t-1 0.58 —1.66 0.78
(0.37) (1.58) (1.27)
GDP PC (log) t-1 0.12 —0.89 —0.86
(0.49) (0.76) (0.75)
State Age t-1 0.06™* 0.05 0.06
(0.03) (0.05) (0.05)
Human Rights t-1 —0.40*** —0.19 —0.31
(0.12) (0.26) (0.20)
Human Rights Treaties t-1 —0.24 0.47 0.21
(0.48) (0.35) (0.33)
Autocratization t-1 0.17 0.46 0.41
(0.25) (0.31) (0.28)
Right-wing t-1 0.02 0.30 —0.03
(0.25) (0.36) (0.30)
Election t-1 —0.01 0.05 —0.15**
(0.04) (0.09) (0.06)
Civil Conflict (log) t-1 —0.01 0.05 0.05
(0.02) (0.05) (0.04)
Migration Change t-1 —0.001 0.01 0.01
(0.002) (0.01) (0.01)
US Military Aid (log) t-1 0.003 0.01 —0.0002
(0.01) (0.02) (0.01)
Protests t-1 —0.05 0.14 —0.17**
(0.07) (0.16) (0.09)
Ethnic Exclusion t-1 —0.09* 0.53 —0.06
(0.05) (0.71) (0.05)
Constant —35.86*** 3.57 —16.15
(6.63) (27.55) (20.94)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 0.58 0.35 0.57
Pseudo R2 0.02 0.02 0.03
Log Likelihood -1085.43 -562.07 -1016.38
AIC 2554.86 1508.15 2416.76

Note: *p<0.1; **p<0.05; **p<0.01
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Table AS8.3: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights
Allegations by Violation Type: Amnesty International

Dependent variable:
HRV (Any)  Physical Integrity  Civil Liberties

(1) (2) (3)
Terrorism (log) t-1 0.07 0.08 0.16*
(0.05) (0.06) (0.09)
Autocracy t-1 0.02 0.03 0.06
(0.02) (0.04) (0.05)
CIA Rendition t-1 0.11 0.22 —0.19
(0.26) (0.32) (0.38)
Shanghai Coop Org t-1 —0.44* —0.40 —0.71**
(0.26) (0.46) (0.34)
Population (log) t-1 0.30 0.80 0.09
(0.70) (0.99) (0.98)
GDP PC (log) t-1 0.18 0.23 —0.83*
(0.33) (0.57) (0.45)
State Age t-1 0.04 0.02 0.10**
(0.02) (0.03) (0.05)
Human Rights t-1 —0.25* —0.25 —0.01
(0.15) (0.16) (0.30)
Human Rights Treaties t-1 0.23 —0.02 0.08
(0.24) (0.27) (0.33)
Autocratization t-1 —0.11 —0.14 0.66**
(0.22) (0.26) (0.33)
Right-wing t-1 0.19 —0.04 0.21
(0.15) (0.23) (0.32)
Election t-1 0.13** 0.16** 0.07
(0.05) (0.07) (0.11)
Civil Conflict (log) t-1 0.001 0.03 —0.08
(0.03) (0.03) (0.05)
Migration Change t-1 0.0001 0.001 0.004
(0.003) (0.003) (0.01)
US Military Aid (log) t-1 0.002 —0.001 0.01
(0.01) (0.01) (0.02)
Protests t-1 —0.07 —-0.11 —0.16
(0.09) (0.12) (0.19)
Ethnic Exclusion t-1 0.19*** 0.15%** 0.45
(0.05) (0.06) (0.28)
Constant —12.05 —20.21 —29.83*
(11.85) (17.20) (17.28)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 0.79 0.5 0.39
Pseudo R2 0.01 0.01 0.02
Log Likelihood -1507.66 -919.97 -638.79
AIC 3399.32 2223.95 1661.58

Note: *p<0.1; **p<0.05; **p<0.01
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Table AS8.4: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights
Allegations by Target Identity: Amnesty International

Dependent variable:
Terrorist Suspects  Ethno-Religious  Civil Society

(1) (2) 3)
Terrorism (log) t-1 —0.03 —0.06 0.15
(0.10) (0.16) (0.13)
Autocracy t-1 —0.04 —0.05 0.06
(0.04) (0.09) (0.06)
CIA Rendition t-1 —-0.15 —0.98 0.25
(0.50) (0.78) (0.65)
Shanghai Coop Org t-1 -0.13 0.40 —0.64
(0.62) (1.36) (0.55)
Population (log) t-1 2.37* 2.79* 0.46
(1.26) (1.58) (1.60)
GDP PC (log) t-1 0.62 —0.40 0.22
(0.91) (0.58) (0.55)
State Age t-1 0.04 0.02 0.04
(0.04) (0.07) (0.07)
Human Rights t-1 —0.23 —0.18 —-0.19
(0.16) (0.32) (0.43)
Human Rights Treaties t-1 0.38 0.07 —0.09
(0.64) (0.43) (0.69)
Autocratization t-1 0.15 0.56 0.25
(0.39) (0.77) (0.44)
Right-wing t-1 0.28 0.58* 0.30
(0.25) (0.34) (0.68)
Election t-1 0.05 0.10 —-0.03
(0.11) (0.17) (0.15)
Civil Conflict (log) t-1 0.03 —0.05 —0.09
(0.04) (0.07) (0.08)
Migration Change t-1 0.01** —0.003 0.0001
(0.004) (0.01) (0.01)
US Military Aid (log) t-1 —0.003 0.02 —0.03
(0.02) (0.02) (0.03)
Protests t-1 —0.12 —0.12 0.09
(0.14) (0.33) (0.26)
Ethnic Exclusion t-1 0.19 —0.03 0.77
(0.19) (0.19) (0.48)
Constant —72.24*** —68.13*** —40.07
(22.69) (25.91) (27.24)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 0.33 0.22 0.26
Pseudo R2 0.02 0.03 0.02
Log Likelihood -519.3 -260.76 -337.8
AIC 1422.59 905.53 1059.59

Note: *p<0.1; **p<0.05; **p<0.01
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Table AS8.5: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights
Allegations by Violation Type: Human Rights Watch

Dependent variable:

HRV (Any)  Physical Integrity  Civil Liberties
(1) (2) (3)
Terrorism (log) t-1 0.14** 0.28** 0.08
(0.06) (0.07) (0.09)
Autocracy t-1 0.10*** 0.11%** 0.14***
(0.02) (0.03) (0.03)
CIA Rendition t-1 0.20 —0.11 —0.11
(0.35) (0.41) (0.73)
Shanghai Coop Org t-1 0.08 0.59 0.07
(0.34) (0.52) (0.46)
Population (log) t-1 2.43* 4.26** —0.17
(1.43) (2.06) (1.65)
GDP PC (log) t-1 —0.82* 0.07 —2.47*
(0.46) (0.66) (0.74)
State Age t-1 —0.001 —0.05 0.14**
(0.04) (0.05) (0.06)
Human Rights t-1 —0.09 0.14 —0.53**
(0.21) (0.19) (0.25)
Human Rights Treaties t-1 —0.35 —-0.49 —0.71
(0.35) (0.40) (0.58)
Autocratization t-1 0.37 —0.03 0.96**
(0.32) (0.39) (0.42)
Right-wing t-1 0.27 —0.11 —0.21
(0.26) (0.29) (0.37)
Election t-1 —0.004 —0.03 —0.09
(0.08) (0.11) (0.11)
Civil Conflict (log) t-1 0.01 —0.02 0.03
(0.04) (0.05) (0.05)
Migration Change t-1 0.002 —0.01 0.01*
(0.004) (0.01) (0.01)
US Military Aid (log) t-1 —0.01 0.003 —0.04**
(0.01) (0.02) (0.02)
Protests t-1 0.08 0.11 —0.15
(0.13) (0.13) (0.18)
Ethnic Exclusion t-1 0.16*** 0.10* 0.21%**
(0.04) (0.06) (0.04)
Constant —39.15* —73.12** 2.15
(22.86) (33.50) (26.22)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 0.71 0.39 0.39
Pseudo R2 0.04 0.04 0.06
Log Likelihood -1076.11 -556.58 -567.39
AIC 2536.22 1497.16 1518.79
Note: *p<0.1; **p<0.05; **p<0.01
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Table AS8.6: Poisson Fixed-Effects Models of Counterterrorism-Related Human Rights
Allegations by Target Identity: Human Rights Watch

Dependent variable:
Terrorist Suspects  Ethno-Religious  Civil Society

(1) (2) 3)
Terrorism (log) t-1 0.30*** 0.09 0.31%*
(0.10) (0.20) (0.11)
Autocracy t-1 0.03 0.21* 0.09*
(0.05) (0.10) (0.05)
CIA Rendition t-1 0.53 —0.67 18.39***
(1.11) (0.73) (0.97)
Shanghai Coop Org t-1 1.01 1.66™** —0.71
(1.15) (0.46) (0.49)
Population (log) t-1 3.32 3.94 1.97
(2.53) (5.03) (1.93)
GDP PC (log) t-1 1.68 —1.32 —0.86
(1.17) (1.13) (1.02)
State Age t-1 —0.14* —0.11 0.02
(0.07) (0.13) (0.07)
Human Rights t-1 0.81** —0.45 —0.28
(0.37) (0.44) (0.29)
Human Rights Treaties t-1 0.04 1.20* —1.12
(1.34) (0.63) (0.82)
Autocratization t-1 0.48 0.13 0.67
(0.54) (0.77) (0.45)
Right-wing t-1 —0.29 0.32 —0.02
(0.31) (0.54) (0.61)
Election t-1 0.002 —0.55** 0.25*
(0.09) (0.26) (0.14)
Civil Conflict (log) t-1 —0.06 —0.14 —0.002
(0.09) (0.09) (0.07)
Migration Change t-1 —0.01 —-0.07 0.01
(0.01) (0.05) (0.01)
US Military Aid (log) t-1 —0.02 —0.04 —0.05
(0.03) (0.03) (0.03)
Protests t-1 —0.16 —0.25 —0.005
(0.29) (0.33) (0.21)
Ethnic Exclusion t-1 0.36 0.36 0.28***
(0.25) (0.37) (0.06)
Constant —81.86** —77.14 —51.78
(41.34) (81.27) (31.68)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2,386 2,386 2,386
RMSE 0.24 0.15 0.27
Pseudo R2 0.04 0.08 0.08
Log Likelihood -289.23 -163.12 -341.16
AIC 962.47 710.24 1066.31

Note: *p<0.1; **p<0.05; **p<0.01
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9 Permutation-Based Feature Importance

Figures A9.1-A9.6 report the full permutation-based feature importance results for each
counterterrorism-related human rights outcome. The figures show how much each ex-
planatory and control variable contributes to predictive accuracy in the random forest
models, averaged across 10 random seeds. I classify variables as having high importance
if they fall in the top tercile of permutation importance, medium importance if they fall in
the middle tercile, and low importance if they fall in the bottom tercile. As summarized in
the main text, Autocracy is consistently among the most important predictors across out-
comes, while Terrorism threat is more important for some outcomes than others (overall
allegations, physical integrity violations, civil liberties violations, and allegations involv-
ing terrorist suspects). The security-cooperation variables, CIA Rendition and Shanghai
Coop Org, do not meet the high-importance threshold for any outcome.
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Figure A9.1: Permutation-Based Feature Importance for Predicting All
Counterterrorism-Related Human Rights Allegations.
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Note: Estimates are based on random forest models and averaged across 10 random seeds, with 95%
confidence intervals. Allegations are combined across reports. Dependent Variable = HRV (Any). Inde-
pendent and control variables are measured at ¢ — 1, while the dependent variable is measured at t.
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Figure A9.2: Permutation-Based Feature Importance for Predicting Counterterrorism-
Related Physical Integrity Allegations.
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Note: Estimates are based on random forest models and averaged across 10 random seeds, with 95%
confidence intervals. Allegations are combined across reports. Dependent Variable = Physical Integrity.
Independent and control variables are measured at ¢t — 1, while the dependent variable is measured at t.
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Figure A9.3: Permutation-Based Feature Importance for Predicting Counterterrorism-
Related Civil Liberties Allegations.
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Note: Estimates are based on random forest models and averaged across 10 random seeds, with 95%
confidence intervals. Allegations are combined across reports. Dependent Variable = Civil Liberties.
Independent and control variables are measured at ¢t — 1, while the dependent variable is measured at .
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Figure A9.4: Permutation-Based Feature Importance for Predicting Counterterrorism-
Related Human Rights Allegations Targeting Terrorist Suspects.
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Note: Estimates are based on random forest models and averaged across 10 random seeds, with 95%
confidence intervals. Allegations are combined across reports. Dependent Variable = Terrorist Suspects.
Independent and control variables are measured at ¢t — 1, while the dependent variable is measured at t.
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Figure A9.5: Permutation-Based Feature Importance for Predicting Counterterrorism-
Related Human Rights Allegations Targeting Ethno-Religious and Immigrant Groups.
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Note: Estimates are based on random forest models and averaged across 10 random seeds, with 95%
confidence intervals. Allegations are combined across reports. Dependent Variable = Ethno-Religious.
Independent and control variables are measured at ¢t — 1, while the dependent variable is measured at t.
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Figure A9.6: Permutation-Based Feature Importance for Predicting Counterterrorism-
Related Human Rights Allegations Targeting Civil Society, Activists, and Journalists.

Civil Society

HR Treaties ——

Autocracy - ———

Human Rights -o-

Population (log) [ ]

Civil Conflict (log) [ J

GDP PC (log) | *

Terrorism (log) - {

Ethnic Exclusion 4 o

State Age - o

Migration Change - [ J

CIA Rendition - o

Protests - [

Shanghai Coop Org [ J

US Military Aid (log) [ J

Autocratization - o

Right-wing{ @

Election1 @

T
0.0 0.5 1.0 15 2.0
Permutation importance

Note: Estimates are based on random forest models and averaged across 10 random seeds, with 95%
confidence intervals. Allegations are combined across reports. Dependent Variable = Civil Society.
Independent and control variables are measured at ¢t — 1, while the dependent variable is measured at t.
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10 Interaction Effects

The findings in this section examine interaction effects among the study’s main indepen-
dent variables using two approaches. First, Tables A10.1-A10.11 report poisson fixed-
effects models that include pairwise interactions between terrorism threat, autocracy, CIA
RDI involvement, and SCO participation. Second, Figures A10.1-A10.6 present two-
dimensional (2D) bootstrapped ALE heat maps from the random forest models, which
show how predicted allegations vary across combinations of the main predictors. These
analyses are exploratory and should be interpreted as evidence of conditional patterns
rather than as the main test of the hypotheses.

The poisson interaction models show three main patterns. First, the interaction
between terrorism threat and autocracy is not statistically significant across the out-
comes, suggesting limited evidence that terrorism threat has a stronger association with
counterterrorism-linked allegations in more autocratic settings. Second, the interaction
between autocracy and CIA RDI involvement is positive and statistically significant for
physical integrity violations, consistent with the idea that RDI involvement is associated
with more severe abuses where institutional constraints are weaker. Third, the interaction
between CIA RDI involvement and SCO participation is positive and statistically signif-
icant for physical integrity violations, as well as allegations targeting ethno-religious and
immigrant groups, and civil society, activists, and journalists. This suggests that coun-
tries connected to both security-cooperation contexts are associated with higher levels of
several types of counterterrorism-related allegations.

The interaction between terrorism threat and SCO participation points in a differ-
ent direction. In the violation-type models, the interaction is negative and statistically
significant for physical integrity and civil liberties allegations, while the main effect of
SCO participation is positive for HRV (Any) and physical integrity violations. This pat-
tern suggests that, among SCO participants, allegations may be higher where observed
terrorism threat is lower, which is consistent with the possibility that counterterrorism
frameworks are used more expansively where security justifications are less directly tied
to observed terrorist violence. The target-identity models show less consistent evidence
for this interaction.
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Table A10.1: Poisson Fixed-Effects Interactions Between Terrorism Threat and Au-
tocracy Level by Violation Type.

Dependent variable:
All HRV  Physical Integrity  Civil Liberties

(1) (2) (3)
Terrorism (log) t-1 x Autocracy t-1 0.001 0.002 0.003
(0.003) (0.003) (0.004)
Terrorism (log) t-1 0.03 0.08** 0.06
(0.03) (0.04) (0.04)
Autocracy t-1 0.02 0.05** 0.03
(0.02) (0.02) (0.03)
CIA Rendition t-1 0.03 —0.16 0.06
(0.14) (0.19) (0.21)
Shanghai Coop Org t-1 0.08 0.16 —0.14
(0.12) (0.16) (0.16)
Population (log) t-1 0.68* 0.90** 0.35
(0.39) (0.44) (0.75)
GDP PC (log) t-1 —0.21 —0.20 —0.63*
(0.26) (0.34) (0.37)
State Age t-1 0.04** 0.04* 0.07***
(0.01) (0.02) (0.02)
Human Rights t-1 —0.26%** —0.21** —0.26**
(0.08) (0.10) (0.10)
HR Treaties t-1 —0.02 —0.19 0.01
(0.13) (0.20) (0.18)
Autocratization t-1 0.11 0.06 0.35**
(0.12) (0.18) (0.17)
Right-wing t-1 0.13 0.06 0.01
(0.11) (0.16) (0.17)
Election t-1 —0.01 0.02 —0.01
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.02 0.02 0.03
(0.02) (0.02) (0.02)
Migration Change t-1 0.002 —0.002 0.003
(0.001) (0.003) (0.002)
US Military Aid (log) t-1 0.004 0.01 —0.01
(0.01) (0.01) (0.01)
Protests t-1 —0.01 0.03 —0.07
(0.05) (0.05) (0.08)
Ethnic Exclusion t-1 0.02 0.04 0.06*
(0.02) (0.03) (0.03)
Constant —13.22** —19.14** —9.25
(6.56) (7.45) (12.47)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 2.31 1.14 1.2
Pseudo R2 0.03 0.03 0.03

Note: *p<0.1; **p<0.05; **p<0.01
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Table A10.2: Poisson Fixed-Effects Interactions Between Terrorism Threat and Au-
tocracy Level by Target Identity.

Dependent variable:
Terrorist Suspects  Ethno-Religious  Civil Society

(1) (2) (3)
Terrorism (log) t-1 x Autocracy t-1 0.01 —0.01 —0.01
(0.004) (0.01) (0.01)
Terrorism (log) t-1 0.05 —0.09 0.14**
(0.04) (0.08) (0.05)
Autocracy t-1 —0.01 0.005 0.08**
(0.02) (0.05) (0.04)
CIA Rendition t-1 —0.19 0.27 0.32
(0.22) (0.35) (0.40)
Shanghai Coop Org t-1 —0.16 0.18 —0.12
(0.21) (0.39) (0.22)
Population (log) t-1 1.07*** —0.47 0.92
(0.39) (1.35) (1.15)
GDP PC (log) t-1 0.36 —0.88 —0.65
(0.41) (0.57) (0.64)
State Age t-1 0.03 0.03 0.05
(0.02) (0.04) (0.04)
Human Rights t-1 —0.30"** —0.26 —0.26
(0.10) (0.24) (0.18)
HR Treaties t-1 —0.16 0.32 —0.01
(0.43) (0.31) (0.39)
Autocratization t-1 0.14 0.49 0.46*
(0.21) (0.35) (0.27)
Right-wing t-1 0.14 0.32 —0.04
(0.16) (0.30) (0.26)
Election t-1 —0.01 —-0.03 —0.07
(0.04) (0.07) (0.06)
Civil Conflict (log) t-1 —0.005 0.005 0.03
(0.03) (0.04) (0.04)
Migration Change t-1 0.0001 0.004 0.004
(0.002) (0.01) (0.005)
US Military Aid (log) t-1 —0.002 0.004 —0.01
(0.01) (0.02) (0.01)
Protests t-1 —0.08 0.13 —0.12
(0.06) (0.15) (0.09)
Ethnic Exclusion t-1 —0.02 0.27 0.10%**
(0.05) (0.38) (0.03)
Constant —44.28*** —11.53 —18.74
(6.67) (23.34) (19.39)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 0.73 0.48 0.79
Pseudo R2 0.02 0.02 0.04

Note: *p<0.1; *p<0.05; **p<0.01
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Table A10.3: Poisson Fixed-Effects Interactions Between Terrorism Threat and CIA
Rendition by Violation Type.

Dependent variable:
All HRV  Physical Integrity  Civil Liberties

(1) (2) (3)
Terrorism (log) t-1 x CIA Rendition t-1 —0.10 —0.08 —0.11*
(0.04) (0.07) (0.06)
Terrorism (log) t-1 0.08** 0.12** 0.12**
(0.04) (0.06) (0.05)
Autocracy t-1 0.03*** 0.06*** 0.04**
(0.01) (0.02) (0.02)
CIA Rendition t-1 0.26* 0.06 0.31
(0.14) (0.22) (0.23)
Shanghai Coop Org t-1 0.12 0.19 —0.10
(0.12) (0.15) (0.17)
Population (log) t-1 0.66* 0.87* 0.32
(0.39) (0.45) (0.75)
GDP PC (log) t-1 —0.29 —0.27 —0.71*
(0.26) (0.34) (0.38)
State Age t-1 0.04*** 0.04* 0.07***
(0.01) (0.02) (0.03)
Human Rights t-1 —0.24** —-0.19* —0.24**
(0.08) (0.10) (0.10)
HR Treaties t-1 —0.004 —0.18 0.02
(0.13) (0.20) (0.18)
Autocratization t-1 0.14 0.09 0.37**
(0.12) (0.18) (0.17)
Right-wing t-1 0.14 0.06 0.01
(0.10) (0.15) (0.17)
Election t-1 —0.01 0.03 —0.01
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.02 0.03 0.04*
(0.02) (0.02) (0.02)
Migration Change t-1 0.001 —0.003 0.002
(0.001) (0.003) (0.002)
US Military Aid (log) t-1 0.004 0.01 —0.01
(0.01) (0.01) (0.01)
Protests t-1 0.004 0.04 —0.05
(0.05) (0.06) (0.08)
Ethnic Exclusion t-1 0.03 0.05 0.07**
(0.02) (0.04) (0.03)
Constant —12.54* —18.34** —8.69
(6.53) (7.60) (12.43)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 2.3 1.14 1.2
Pseudo R2 0.03 0.03 0.03

Note: *p<0.1; *p<0.05; **p<0.01
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Table A10.4: Poisson Fixed-Effects Interactions Between Terrorism Threat and CIA
Rendition by Target Identity.

Dependent variable:

Terrorist Suspects  Ethno-Religious  Civil Society

(1) (2) (3)
Terrorism (log) t-1 x CIA Rendition t-1 —0.07 —0.15 —0.14
(0.07) (0.11) (0.09)
Terrorism (log) t-1 0.09 —0.01 0.21%**
(0.06) (0.10) (0.08)
Autocracy t-1 0.01 —0.02 0.06**
(0.02) (0.03) (0.03)
CTA Rendition t-1 —0.01 0.64 0.66
(0.26) (0.43) (0.41)
Shanghai Coop Org t-1 —0.17 0.27 0.02
(0.22) (0.41) (0.21)
Population (log) t-1 1.03*** —0.44 0.97
(0.37) (1.34) (1.17)
GDP PC (log) t-1 0.26 —0.96* —0.63
(0.41) (0.54) (0.65)
State Age t-1 0.04 0.03 0.05
(0.02) (0.04) (0.04)
Human Rights t-1 —0.29"** —0.20 —-0.23
(0.10) (0.23) (0.18)
HR Treaties t-1 —-0.17 0.35 0.005
(0.44) (0.30) (0.40)
Autocratization t-1 0.18 0.52 0.51*
(0.21) (0.35) (0.27)
Right-wing t-1 0.13 0.37 —0.04
(0.17) (0.29) (0.27)
Election t-1 —0.01 —0.03 —0.08
(0.04) (0.07) (0.06)
Civil Conflict (log) t-1 —0.001 0.01 0.04
(0.03) (0.04) (0.04)
Migration Change t-1 —0.0004 0.004 0.004
(0.002) (0.01) (0.01)
US Military Aid (log) t-1 —0.0003 0.001 —0.01
(0.01) (0.02) (0.01)
Protests t-1 —0.06 0.10 —0.11
(0.06) (0.15) (0.09)
Ethnic Exclusion t-1 —0.02 0.28 0.12%**
(0.05) (0.34) (0.03)
Constant —43.34*** —11.44 —19.48
(6.49) (22.99) (19.72)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 0.74 0.48 0.79
Pseudo R2 0.02 0.02 0.04

Note: *p<0.1; *p<0.05; **p<0.01
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Table A10.5: Poisson Fixed-Effects Interactions Between Terrorism Threat and Shang-
hai Coop Org by Violation Type.

Dependent variable:

All HRV  Physical Integrity  Civil Liberties

(1) (2) (3)
Terrorism (log) t-1 x Shanghai Coop Org t-1 —0.09 —0.12** —0.13*
(0.04) (0.05) (0.06)
Terrorism (log) t-1 0.04 0.09** 0.08**
(0.03) (0.04) (0.04)
Autocracy t-1 0.03** 0.05*** 0.04*
(0.01) (0.02) (0.02)
CTA Rendition t-1 0.02 —0.19 0.05
(0.14) (0.19) (0.21)
Shanghai Coop Org t-1 0.46* 0.65** 0.35
(0.20) (0.26) (0.24)
Population (log) t-1 0.71% 0.92** 0.42
(0.38) (0.44) (0.74)
GDP PC (log) t-1 —0.16 —0.15 —0.55
(0.26) (0.32) (0.37)
State Age t-1 0.03** 0.03 0.06™**
(0.01) (0.02) (0.02)
Human Rights t-1 —0.26*** —0.21** —0.25**
(0.08) (0.10) (0.10)
HR Treaties t-1 0.01 —0.15 0.06
(0.12) (0.20) (0.17)
Autocratization t-1 0.11 0.06 0.34**
(0.12) (0.18) (0.17)
Right-wing t-1 0.11 0.02 —0.03
(0.11) (0.16) (0.16)
Election t-1 —0.01 0.03 —0.004
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.01 0.02 0.03
(0.02) (0.02) (0.02)
Migration Change t-1 0.001 —0.002 0.002
(0.001) (0.003) (0.002)
US Military Aid (log) t-1 0.004 0.01 —0.005
(0.01) (0.01) (0.01)
Protests t-1 0.003 0.04 —0.05
(0.05) (0.05) (0.07)
Ethnic Exclusion t-1 0.02 0.04 0.05*
(0.02) (0.03) (0.03)
Constant —13.57** —19.31*** —10.14
(6.50) (7.38) (12.36)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 2.29 1.13 1.2
Pseudo R2 0.03 0.03 0.03

Note: *p<0.1; **p<0.05; **p<0.01
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Table A10.6: Poisson Fixed-Effects Interactions Between Terrorism Threat and Shang-
hai Coop Org by Target Identity.

Dependent variable:

Terrorist Suspects ~ Ethno-Religious  Civil Society

(1) (2) (3)
Terrorism (log) t-1 x Shanghai Coop Org t-1 —0.14 —0.05 —0.02
(0.08) (0.12) (0.10)
Terrorism (log) t-1 0.05 —0.07 0.13**
(0.05) (0.09) (0.06)
Autocracy t-1 0.01 —0.03 0.06**
(0.02) (0.04) (0.03)
CTA Rendition t-1 —0.22 0.33 0.33
(0.23) (0.34) (0.40)
Shanghai Coop Org t-1 0.48 0.39 0.01
(0.37) (0.38) (0.47)
Population (log) t-1 1.06*** —0.35 1.01
(0.38) (1.38) (1.16)
GDP PC (log) t-1 0.37 —0.83 —0.57
(0.43) (0.59) (0.65)
State Age t-1 0.04 0.02 0.04
(0.02) (0.04) (0.04)
Human Rights t-1 —0.30"** —0.22 —0.25
(0.10) (0.24) (0.18)
HR Treaties t-1 —0.16 0.37 0.01
(0.44) (0.32) (0.41)
Autocratization t-1 0.16 0.47 0.47*
(0.21) (0.35) (0.27)
Right-wing t-1 0.11 0.34 —0.04
(0.17) (0.29) (0.26)
Election t-1 —0.01 —0.03 —-0.07
(0.04) (0.07) (0.06)
Civil Conflict (log) t-1 —0.001 —0.001 0.03
(0.03) (0.04) (0.04)
Migration Change t-1 —0.0002 0.01 0.005
(0.002) (0.01) (0.005)
US Military Aid (log) t-1 —0.001 0.002 —0.01
(0.01) (0.02) (0.01)
Protests t-1 —0.07 0.09 —0.12
(0.06) (0.15) (0.10)
Ethnic Exclusion t-1 —0.03 0.28 0.10***
(0.05) (0.36) (0.03)
Constant —44.01*** —13.28 —20.14
(6.64) (23.74) (19.49)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 0.74 0.48 0.79
Pseudo R2 0.02 0.02 0.03

Note: *p<0.1; **p<0.05; **p<0.01
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Table A10.7: Poisson Fixed-Effects Interactions Between Autocracy Level and CIA

Rendition by Violation Type.

Dependent variable:

All HRV ~ Physical Integrity = Civil Liberties
(1) (2) 3)
Autocracy t-1 x CIA Rendition t-1 0.01 0.05** —0.01
(0.02) (0.02) (0.02)
Terrorism (log) t-1 0.03 0.07* 0.06
(0.03) (0.04) (0.04)
Autocracy t-1 0.02 0.03 0.05**
(0.02) (0.02) (0.02)
CIA Rendition t-1 0.09 0.02 0.002
(0.16) (0.26) (0.24)
Shanghai Coop Org t-1 0.07 0.16 —0.17
(0.12) (0.13) (0.16)
Population (log) t-1 0.66* 0.86* 0.34
(0.39) (0.45) (0.74)
GDP PC (log) t-1 —0.22 —0.22 —0.64*
(0.26) (0.33) (0.37)
State Age t-1 0.04** 0.03* 0.07***
(0.01) (0.02) (0.02)
Human Rights t-1 —0.27* —0.24** —0.26**
(0.08) (0.10) (0.10)
HR Treaties t-1 —0.01 —0.11 —0.004
(0.13) (0.20) (0.18)
Autocratization t-1 0.11 0.06 0.35**
(0.12) (0.18) (0.17)
Right-wing t-1 0.13 0.04 0.003
(0.11) (0.15) (0.17)
Election t-1 —0.01 0.02 —0.01
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.02 0.02 0.03
(0.02) (0.02) (0.02)
Migration Change t-1 0.001 —0.002 0.002
(0.001) (0.003) (0.002)
US Military Aid (log) t-1 0.004 0.01 —0.01
(0.01) (0.01) (0.01)
Protests t-1 —0.01 0.03 —0.06
(0.05) (0.05) (0.08)
Ethnic Exclusion t-1 0.02 0.03 0.05*
(0.02) (0.03) (0.03)
Constant —12.85** —18.30** —9.18
(6.55) (7.55) (12.38)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 2.31 1.13 1.2
Pseudo R2 0.03 0.03 0.03

Note:

*p<0.1; **p<0

05; **p<0.01



39

Table A10.8: Poisson Fixed-Effects Interactions Between Autocracy Level and CIA
Rendition by Target Identity.

Dependent variable:
Terrorist Suspects ~ Ethno-Religious  Civil Society

(1) (2) (3)

Autocracy t-1 x CIA Rendition t-1 0.0000 0.01 0.03
(0.03) (0.06) (0.04)
Terrorism (log) t-1 0.04 —0.08 0.13**
(0.05) (0.09) (0.06)
Autocracy t-1 0.01 —0.03 0.05
(0.02) (0.05) (0.04)
CIA Rendition t-1 —0.20 0.40 0.42
(0.23) (0.53) (0.46)
Shanghai Coop Org t-1 —0.20 0.23 —0.07
(0.22) (0.40) (0.21)
Population (log) t-1 1.03*** —0.38 0.98
(0.38) (1.38) (1.15)
GDP PC (log) t-1 0.31 —0.86 —0.59
(0.42) (0.56) (0.64)
State Age t-1 0.04 0.02 0.04
(0.02) (0.04) (0.04)
Human Rights t-1 —0.31%** —0.23 —0.27
(0.10) (0.23) (0.18)
HR Treaties t-1 —0.18 0.37 0.04
(0.45) (0.32) (0.40)
Autocratization t-1 0.16 0.47 0.47*
(0.21) (0.35) (0.27)
Right-wing t-1 0.12 0.35 —0.04
(0.17) (0.30) (0.26)
Election t-1 —0.01 —0.03 —0.08
(0.04) (0.07) (0.06)
Civil Conflict (log) t-1 —0.004 0.0003 0.03
(0.03) (0.04) (0.04)
Migration Change t-1 —0.0001 0.01 0.005
(0.002) (0.01) (0.005)
US Military Aid (log) t-1 —0.001 0.002 —0.01
(0.01) (0.02) (0.01)
Protests t-1 —0.07 0.09 —0.13
(0.06) (0.14) (0.09)
Ethnic Exclusion t-1 —0.03 0.28 0.10***
(0.05) (0.36) (0.03)
Constant —43.62*** —12.84 —19.59
(6.57) (23.73) (19.41)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 0.74 0.48 0.79
Pseudo R2 0.02 0.02 0.04

Note: *p<0.1; *p<0.05; **p<0.01
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Table A10.9: Poisson Fixed-Effects Interactions Between Autocracy Level and Shang-
hai Coop Org by Violation Type.

Dependent variable:
All HRV  Physical Integrity  Civil Liberties

(1) (2) (3)
Autocracy t-1 x Shanghai Coop Org t-1 0.02 0.02 0.01
(0.01) (0.02) (0.02)
Terrorism (log) t-1 0.03 0.07** 0.06
(0.03) (0.04) (0.04)
Autocracy t-1 0.03* 0.05** 0.04
(0.01) (0.02) (0.02)
CIA Rendition t-1 0.03 —0.17 0.05
(0.14) (0.19) (0.21)
Shanghai Coop Org t-1 0.12 0.21 -0.13
(0.13) (0.17) (0.17)
Population (log) t-1 0.68* 0.88* 0.35
(0.39) (0.45) (0.75)
GDP PC (log) t-1 —0.21 —0.20 —0.64*
(0.26) (0.33) (0.37)
State Age t-1 0.04** 0.04* 0.07***
(0.01) (0.02) (0.03)
Human Rights t-1 —0.27** —0.22** —0.26**
(0.08) (0.10) (0.10)
HR Treaties t-1 —0.01 —0.17 0.02
(0.13) (0.20) (0.19)
Autocratization t-1 0.12 0.06 0.35**
(0.12) (0.18) (0.17)
Right-wing t-1 0.12 0.03 —0.01
(0.11) (0.16) (0.17)
Election t-1 —-0.01 0.03 —0.01
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.02 0.02 0.03
(0.02) (0.02) (0.02)
Migration Change t-1 0.001 —0.002 0.002
(0.001) (0.003) (0.002)
US Military Aid (log) t-1 0.004 0.01 —0.01
(0.01) (0.01) (0.01)
Protests t-1 —0.01 0.02 —0.07
(0.05) (0.05) (0.07)
Ethnic Exclusion t-1 0.02 0.04 0.05*
(0.02) (0.03) (0.03)
Constant —13.15** —18.80** —9.22
(6.57) (7.57) (12.47)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 2.31 1.14 1.2
Pseudo R2 0.03 0.03 0.03

Note: *p<0.1; **p<0.05; **p<0.01
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Table A10.10: Poisson Fixed-Effects Interactions Between Autocracy Level and Shang-
hai Coop Org by Target Identity.

Dependent variable:

Terrorist Suspects ~ Ethno-Religious  Civil Society

(1) (2) (3)
Autocracy t-1 x Shanghai Coop Org t-1 0.01 0.04 —0.01
(0.03) (0.05) (0.04)
Terrorism (log) t-1 0.04 —0.08 0.13**
(0.05) (0.09) (0.06)
Autocracy t-1 0.01 —0.04 0.06*
(0.02) (0.04) (0.03)
CTA Rendition t-1 —0.20 0.34 0.33
(0.23) (0.34) (0.40)
Shanghai Coop Org t-1 —0.18 0.30 —0.09
(0.24) (0.40) (0.27)
Population (log) t-1 1.03*** —0.39 0.98
(0.38) (1.38) (1.15)
GDP PC (log) t-1 0.31 —0.86 —0.59
(0.42) (0.56) (0.64)
State Age t-1 0.04 0.02 0.05
(0.02) (0.04) (0.04)
Human Rights t-1 —0.317** —0.24 —0.25
(0.10) (0.24) (0.18)
HR Treaties t-1 —0.18 0.38 —0.004
(0.43) (0.32) (0.41)
Autocratization t-1 0.16 0.49 0.46*
(0.21) (0.35) (0.27)
Right-wing t-1 0.12 0.33 —0.03
(0.17) (0.29) (0.26)
Election t-1 —0.01 —0.03 —0.07
(0.04) (0.07) (0.06)
Civil Conflict (log) t-1 —0.004 —0.003 0.03
(0.03) (0.04) (0.04)
Migration Change t-1 —0.0001 0.01 0.005
(0.002) (0.01) (0.005)
US Military Aid (log) t-1 —0.001 0.002 —0.01
(0.01) (0.02) (0.01)
Protests t-1 —0.08 0.09 —0.12
(0.06) (0.14) (0.09)
Ethnic Exclusion t-1 —0.03 0.28 0.10***
(0.05) (0.37) (0.03)
Constant —43.66*** —12.87 —19.77
(6.59) (23.72) (19.32)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 0.74 0.48 0.79
Pseudo R2 0.02 0.02 0.03

Note: *p<0.1; *p<0.05; **p<0.01
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Table A10.11: Poisson Fixed-Effects Interactions Between CIA Rendition and Shanghai
Coop Org by Violation Type.

Dependent variable:

All HRV  Physical Integrity  Civil Liberties

(1) (2) 3)
CTA Rendition t-1 x Shanghai Coop Org t-1 0.41 0.59** 0.61
(0.22) (0.29) (0.38)
Terrorism (log) t-1 0.03 0.08** 0.06*
(0.03) (0.04) (0.04)
Autocracy t-1 0.03** 0.06*** 0.04*
(0.01) (0.02) (0.02)
CTA Rendition t-1 0.02 —0.19 0.03
(0.14) (0.19) (0.21)
Shanghai Coop Org t-1 —0.26 —0.33 —0.68*
(0.18) (0.28) (0.36)
Population (log) t-1 0.66* 0.88* 0.31
(0.39) (0.45) (0.74)
GDP PC (log) t-1 —0.21 —0.20 —0.62*
(0.26) (0.34) (0.37)
State Age t-1 0.04*** 0.04* 0.07***
(0.01) (0.02) (0.03)
Human Rights t-1 —0.26"** —0.21** —0.26**
(0.08) (0.10) (0.10)
HR Treaties t-1 —0.05 —0.24 —0.01
(0.12) (0.20) (0.17)
Autocratization t-1 0.12 0.07 0.35**
(0.12) (0.18) (0.17)
Right-wing t-1 0.10 —0.004 —0.04
(0.11) (0.18) (0.17)
Election t-1 —0.01 0.02 —0.01
(0.03) (0.05) (0.04)
Civil Conflict (log) t-1 0.02 0.02 0.03
(0.02) (0.02) (0.02)
Migration Change t-1 0.001 —0.003 0.002
(0.001) (0.003) (0.002)
US Military Aid (log) t-1 0.004 0.01 —0.01
(0.01) (0.01) (0.01)
Protests t-1 —0.03 0.004 —0.09
(0.05) (0.06) (0.07)
Ethnic Exclusion t-1 0.02 0.03 0.05*
(0.02) (0.03) (0.03)
Constant —13.04** —18.97** —8.83
(6.52) (7.55) (12.37)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 2.31 1.14 1.2
Pseudo R2 0.03 0.03 0.03

Note: *p<0.1; **p<0.05; **p<0.01
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Table A10.12: Poisson Fixed-Effects Interactions Between CIA Rendition and Shanghai
Coop Org by Target Identity.

Dependent variable:

Terrorist Suspects  Ethno-Religious  Civil Society

(1) (2) (3)
CTA Rendition t-1 x Shanghai Coop Org t-1 0.72 2.28%** 2.18%**
(0.32) (0.44) (0.43)
Terrorism (log) t-1 0.05 —0.06 0.13**
(0.05) (0.08) (0.06)
Autocracy t-1 0.01 —0.03 0.06™*
(0.02) (0.04) (0.03)
CTA Rendition t-1 —0.23 0.30 0.27
(0.23) (0.35) (0.40)
Shanghai Coop Org t-1 —0.70** —1.60"** —2.04*
(0.28) (0.34) (0.43)
Population (log) t-1 1.02%** —0.40 0.85
(0.38) (1.38) (1.13)
GDP PC (log) t-1 0.33 —0.84 —0.52
(0.42) (0.57) (0.65)
State Age t-1 0.04* 0.02 0.05
(0.02) (0.04) (0.04)
Human Rights t-1 —0.29%** —0.21 —0.26
(0.10) (0.24) (0.17)
HR Treaties t-1 —0.25 0.32 —0.08
(0.44) (0.34) (0.39)
Autocratization t-1 0.18 0.48 0.48*
(0.21) (0.36) (0.26)
Right-wing t-1 0.07 0.26 —0.26
(0.18) (0.30) (0.21)
Election t-1 —0.01 —-0.03 —0.08
(0.04) (0.07) (0.06)
Civil Conflict (log) t-1 0.0001 0.001 0.03
(0.03) (0.04) (0.04)
Migration Change t-1 —0.0004 0.005 0.004
(0.002) (0.01) (0.005)
US Military Aid (log) t-1 —0.001 0.002 —0.01
(0.01) (0.02) (0.01)
Protests t-1 —0.12* 0.01 —0.18"*
(0.07) (0.15) (0.09)
Ethnic Exclusion t-1 —0.03 0.27 0.10%**
(0.05) (0.36) (0.03)
Constant —43.94*** —13.22 —18.46
(6.65) (23.64) (19.03)
Country FE Yes Yes Yes
Year FE Yes Yes Yes
SE clustered by country Yes Yes Yes
Observations 2386 2386 2386
RMSE 0.74 0.48 0.78
Pseudo R2 0.02 0.02 0.04

Note: *p<0.1; *p<0.05; **p<0.01
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Figure 10.1: Interaction Between Terrorism Threat and Autocracy Level.
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Note: Estimates are bootstrapped 2D accumulated local effects from the best out-of-bag R? random
forest model, with 95% confidence intervals. Allegations are combined across reports. Lighter colours

= larger positive ALEs (higher predicted outcome) and darker colours = more negative ALEs (lower
predicted outcome).
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Figure A10.2: Interaction Between Terrorism Threat and Participation in CTA Rendi-

tion.
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forest model, with 95% confidence intervals. Allegations are combined across reports. Lighter colours
= larger positive ALEs (higher predicted outcome) and darker colours = more negative ALEs (lower

predicted outcome).
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Figure A10.3: Interaction Between Terrorism Threat and Participation in the Shanghai

Cooperation Organization.
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Note: Estimates are bootstrapped 2D accumulated local effects from the best out-of-bag R? random
forest model, with 95% confidence intervals. Allegations are combined across reports. Lighter colours
= larger positive ALEs (higher predicted outcome) and darker colours = more negative ALEs (lower

predicted outcome).
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Figure A10.4: Interaction Between Autocracy Level and Participation in CIA Rendi-

tion.
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predicted outcome).
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Figure A10.5: Interaction Between Autocracy Level and Participation in the Shanghai
Cooperation Organization.
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predicted outcome).
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Figure A10.6: Interaction Between Participation in CIA Rendition and the Shanghai

Cooperation Organization.
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Note: Estimates are bootstrapped 2D accumulated local effects from the best out-of-bag R? random
forest model, with 95% confidence intervals. Allegations are combined across reports. Lighter colours
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