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Abstract

Does the US government’s tarnished police violence record shadow its in-
ternational human rights monitoring and reporting practices? In this project, I
argue that, for the domestic struggles on the police violence issues, the US gov-
ernment tends to take a partial standing on reporting the related violations of
other governments. Through utilizing state-of-the-art pretrained Transformer-
based large language models (LLM), I propose a novel text-to-network pipeline
for text analysis. The proposed method allows a human-interpretable represen-
tation of the text data while effectively involving the semantic information in
the output. With the help of the new method, the results show police violence
accusations in the US human rights reports framed in favor of countries closer
to the US. Methodologically, the proposed method shows promising potential
in text analysis tasks like topic modeling. Moreover, the robust results also sug-
gest the ability of Transformer-based LLMs to pick up the logic among words
from natural language.
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Chapter 1

Bad Apples Just for
Friends: A Large
Language Model

Approach in Studying
Police Violence

Accusation Framing at US
Human Rights Reports

How do one country’s domestic human rights issues influence its international
human rights advocacy? As a long-time global human rights leader, the US
has poor police abuse records. When the tragic murder of George Floyd by a
police officer in Minnesota and the rising Black Lives Matter (BLM) campaign
brought the world’s attention to the long-standing police brutality issues in the
US (Davies & Finnegan, 2020; Nebehay, 2020), a broader discussion on the
US’ standing as a global advocate for human rights is raised (Lynch & Gramer,
2020; Nugent & Perrigo, 2020; Wright, 2020). "The outrage about the lack of
decency and the American double standard has now gone global in everyday
life," according to a report in the New Yorker magazine in 2020 (Wright, 2020).
Does the US’s tarnished police violence record impact its reporting of human
rights violations in other countries?

The US State Department’s Annual Country Reports on Human Rights
Practices (USSD reports) are instrumental in transnational human rights mon-
itoring and evaluation. Despite a rich body of literature discussing potential
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bias in USSD reports, rare research directly investigates the potential impact of
the US domestic human rights record on its international human rights moni-
toring and reporting activities, particularly concerning police violence. In this
article, I argue that the domestic struggles encourage the US government to
take a biased standing in evaluating other countries’ police violence situations
for both political and strategic considerations. Moreover, the political-driven
bias in police violence accusations not only comes from what information is
disclosed but also from how the information is organized and presented on the
text level at the reports, which is often conceptualized as information "framing"
in the political communication literature (Entman, 1997).

Police play an essential role in the government’s atrocities like arbitrary ar-
resting, kidnapping, and murder. Meanwhile, organization-level factors, like
law enforcement duty, mismanagement, or poor training of the police officers,
are often used as covers for the repressive nature of police action and the gov-
ernment’s role as the decision-maker in police brutality. In the US context,
one typical example is to frame police brutality as the result of "bad apples"
(Cunningham, 2020). Mitchell summarizes the blaming of police violence on
organizational-level factors as the government’s "blaming management" (N. J.
Mitchell, 2021, p. 25). The entanglement of the government’s decision and
organizational-level issues in facilitating police brutality leaves considerable dis-
cretion for the human rights monitors in composing the accusation. Distin-
guishing the role of the government in police atrocities from human rights
reports is pivotal for researchers and human rights activists to understand the
essence of the violations. Two directions in police violence accusations framing
are specified in this paper: government-level framing emphasizes the role of
government decision-makers in police violence, and agent-level framing focuses
on the organizational-level causes for violations by individual police agents.

The current empirical pattern in studying strategic adjustments in the USSD
reports tries to capture the bias through the comparison against the NGO-
launched human rights reports with a specific reliance on the human-coded
integrated indicators, like the Political Terror Scale (PTS) (Haschke, 2017) and
the Cingranelli and Richards Human Rights Data Project (CIRI) (Cingranelli
et al., 2021). While this approach has led to numerous empirical findings, the
highly integrated nature of human rights indexes prevents researchers from a
text-level understanding of the documents and is not suitable for detecting in-
consistent framing of police violence accusations in the USSD reports. In this
project, I propose a novel network representation method of text data based
on the pretrained large language model (LLM). This approach integrates the
strengths of conventional computational text analysis techniques, adept at han-

2



1 Simply speaking, models
following the BoW assump-
tion only focuses on the
words’ frequency and dis-
cards their structure or order
in text analysis. Many com-
putational methods, like
topic modeling, are built
on the BoW assumptions
(M. E. Roberts et al., 2014;
Ying et al., 2022).

dling text data on a large scale, and the advantages of text network techniques,
which provide human-interpretable representations of the text data (Bail, 2016;
C. W. Roberts, 2020; Segev, 2020). Furthermore, in contrast to the ’bag of
words’ (BoW) assumption underlying most automatic content analysis meth-
ods used in political texts1, the proposed method leverages the advanced capa-
bilities of pretrained Large Language Models (LLMs) in grasping the semantics
within text data. The output text network effectively incorporates the seman-
tic information from the original text. Through applying network analysis
methods on the text networks generated from the USSD reports, my approach
provides an effective way in detecting the framing strategies of police violence
accusations in the documents. The empirical results suggest that, in the USSD
report, the US government is more likely to frame the police brutality of coun-
tries it considers as friends as agent-level abuses and the police brutality of rival
countries as government-level actions.

The contribution of the article is both substantive and methodological.
Substantively, the uncovered framing bias concerning the police violence ac-
cusations in the USSD reports suggests the potential transnational impact of
the US domestic police violence issues. For the critical role of the US in the inter-
national human rights regime (Kent, 2001), the disclosed projection mechanism
could discredits the validity of the USSD reports. The research also contributes
to the ongoing conversation on the bias in the human rights monitoring reports
(Arnon et al., 2023; Clark & Sikkink, 2013; Haschke & Arnon, 2020; Hill Jr et
al., 2013; Nieman & Ring, 2015; Poe et al., 2001). The revealed framing bias in
the USSD reports shows a much subtle way for the strategic adjustment in the
human rights reports, which not only involve what information is included in
the reports but how the information is organized and presented.

Methodologically, the proposed LLM-based method provides scholars with
a powerful computational tool for text-level analysis of the large-size corpus.
Besides the application in this article, combining different network analysis
tools, the network approach in text representation can be used more broadly in
other conventional text analysis tasks like topic modeling and sentiment analysis.
The proposed algorithmic pipeline is very flexible and could be easily embed-
ded with various pretrained transformer-based LLMs, like Bidirectional En-
coder Representations from Transformers (BERT) and Generative Pre-trained
Transformers (GPT), which allows social scientists to utilize the most advanced
transformer-based LLMs in their research. For the AI scholarship, the framing
bias detected by the Transformers also echos existing research on the ability of
LLM to capture logical connections inside of natural language (Devlin et al.,
2018; Safavi & Koutra, 2021; T.-Y. Wang, 1999). Further research and experi-
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ments are needed to understand the ability of connectist AIs to incorporate
logic.

This paper proceeds as follows. In the following section, after briefly review-
ing the literature studying political bias in human rights reports, I argue that
the absence of text-level analysis in the current empirical research pattern would
lead to an incomplete understanding of the issue. Following, I specify two di-
rections for police violence accusation framing: government-level framing and
agent-level framing, and argue for the importance of information framing in
the USSD reports bias research. I propose that the political bias in the USSD
reports is shown in how the police violence accusations are framed according
to the targetted government’s relationship with the US. Next, I introduce the
LLM-based network approach for text data representation and how to use the
text network to measure the framing inconsistency on police violence accusa-
tions across the USSD country reports. Based on the framing bias measurement,
I test the political bias argument on the USSD reports, and the empirical results
disclose the significant influence of one country’s relationship with the US on
police violence accusations framing in the reports. In the conclusion section, I
summarize this article’s substantive findings and methodological innovations
and discuss the limitations of this research and future research directions.

1.1 Challenges of Detecting Political Bias in Hu-
man Rights Reports

Early literature has already pointed out the politicized nature of human rights
reports, not only for governmental reports but also those launched by interna-
tional organizations like the UN (Donnelly, 1988; Poe & Tate, 1994; Poe et al.,
2001). Later research on the USSD reports discloses more sophisticated mech-
anisms of the political-driven bias in the documentation. Poe et al., 2001 and
Clark and Sikkink, 2013 suggest that the political bias in the USSD reports is
not constant and varies over time. Despite the complicated nature of the issue,
most research in detecting political-driven bias at the USSD reports follows
a similar empirical pattern (Clark & Sikkink, 2013; Haschke & Arnon, 2020;
Nieman & Ring, 2015; Poe et al., 2001). The researchers try to capture the
bias in the USSD reports by comparing them with the human rights reports
launched by non-governmental organizations, like Amnesty International or
Human Rights Watch, which are assumed to be less vulnerable to political con-
siderations. Empirically, scholars rely on human-generated indicators, mainly
PTS, which codes two separate indicators of the same country’s annual human
rights practices from the USSD reports and the World’s Human Rights (WHR)
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2 For example, when coding
the severity of "extrajudi-
cial killing" of one country
in the CIRI project, the
experts are asked to "code
based on the numbers" and
score the variable of the
targeted accordingly (Cin-
granelli & Richards, 2010,
p. 8). In PTS, "coders are
asked to count an instance
of a more severe type of vio-
lation (e.g., an extrajudicial
killing) more heavily than
a less severe one (e.g., an
instance of excessive use of
force, an arbitrary arrest)."
(Haschke, 2017, pp. 4–5).
3 This difference could be
explained by the diverse
organizational goals of
the monitor agencies in
composing the human
rights reports (Hafner-
Burton & Ron, 2013; Hill Jr
et al., 2013).

report published by Amnesty International. The differences between the two
indicators are taken as the proxy of the political bias in the USSD reports.

The current empirical pattern in political bias research on human rights
reports raises criticisms of two aspects. First, the cross-sectional inconsistency
in the human rights reports is not only caused by political considerations but
also other factors like information availability (Clark & Sikkink, 2013) and trans-
parency (Eck & Fariss, 2018). The repressive governments often tend to "hide,
downplay, or dismiss information" (Clark & Sikkink, 2013, p. 545), while some
governments like Sweden tend to improve the transparency of their human
rights records (Eck & Fariss, 2018; Haschke & Arnon, 2020). As Eck and
Fariss, 2018 suggested, using existing human rights documents and measure-
ment projects for cross-sectional human rights practices comparison is prob-
lematic if researchers do not address the variation of information environments
across countries. Early researchers have recognized that the information varia-
tion across countries, along with other factors, might lead to inconsistent evalu-
ation references in the human rights reports, which could bias the event-based
violation measurement drawing from the documents(Brysk, 1994; Poe, 2019).
As a remedy, popular measurement projects like PTS and CIRI take a standard-
based coding scheme that relies on field experts’ perception of one country’s
human rights practices from the reports to evaluate the violation (Fariss, 2014).
Nevertheless, instance-level information in the human rights reports still plays
pivotal roles for the coders in PTS and CIRI projects in evaluating the targeted
country’s human rights practices 2. This reliance on the instance-level informa-
tion from the reports will cause the standard-based human rights indexes to be
still vulnerable to cross-national variation of informational environment.

The second criticism comes from the comparison of the human rights in-
dexes generated from NGO and USSD reports in political bias detection. Es-
sentially, generating human rights indicators from reports is a data dimension
reduction process in which the coders try to project unstructured text data into
a one-dimensional index to reserve as much information in the text as possible.
Even without considering the possible coder bias (Arnon et al., 2023; Wood
& Gibney, 2010), this information projection process could cause significant
loss of valuable information (Conrad et al., 2014; Cordell et al., 2022). Con-
sequentially, researchers could easily ignore the structural differences between
the NGO and USSD reports when only concerning the human rights indexes
generated from the two documentations. Park et al., 2020 shows that the USSD
and Amnesty International’s human rights reports might emphasize different
human rights topics in the documentation.3 Moreover, the NGO and USSD
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4 Ron et al., 2005 show that
the Amnesty International
reports might be vulnerable
to the influence of political
factors like the US mili-
tary assistance. The media
profile of one country is
another significant factor
proven to be influential in
distorting the NGO reports
(Hill Jr et al., 2013; Ron et
al., 2005). Coupling with
the research showing the
political bias in the reports
of the human rights viola-
tions on different countries
in the English-language
media (Hafner-Burton &
Ron, 2013), political factors
like one country’s align-
ment with the US, while
impacting the USSD re-
ports, might also effectively
distort the NGO-launched
human rights reports in a
subtle way.

reports might be biased by the same set of political factors, thereby the compar-
ison would not be helpful in political bias detection.4

Despite the empirical challenges, comparing government human rights
practices cross-sectionally is crucial for academic research and policy-making.
Being able to scrutinize the original reports closely and identify how exactly the
political bias is shown at the text level, as suggested in Eck and Fariss, 2018 article,
is thus essential for scholars to understand better the strategic adjustments in
the USSD reports. The large-scale human rights reports challenge researchers’
ability to analyze the document manually. However, advancements in compu-
tational linguistic methods have opened up valuable opportunities for text-level
analysis Cordell et al., 2022, potentially leading to novel empirical findings. For
example, by applying the structural topic model to the USSD reports, Bagozzi
and Berliner, 2018 find that US allies receive more attention on the physical in-
tegrity rights violations than others. Considering the higher political sensitivity
of the physical integrity violations Terman and Byun, 2022, this findings im-
plies a counterintuitive fact: the USSD reports impose more severe criticism on
the governments of US allies. In this project, I take advantage of the computa-
tional methods’ ability to handle large-scale text data and propose an innovative
approach to help scholars better inspect human rights reports on the text level.

1.2 Framing Strategies, Political Bias & Police Vi-
olence Accusations

1.2.1 Two Framing Strategies in Police Violence Reporting
In this research, I distinguish two possible directions in police violence framing.
One direction emphasizes the role of the government in police violence, while
the other direction tries to encourage the audience to believe agent-level factors
cause observed police violence. As an important force arm of the government,
the atrocities committed by the police are often from the government’s direct
order or encouragement. However, agent-level issues in the police department,
like poor training of the officers and mismanagement, often obscure the re-
pressive nature of the police abuse, like torturing arrested protestors. Morrow
pointed out the challenge for outsiders in distinguishing the institutional-level
and the agent-level human rights violations behaviors (Morrow, 2001, 2007).
Moreover, the police dual identity as both government control forces and law
enforcement agencies further dims the real initiators of police brutality, which
could leave room for framing the government’s repressive action accomplished
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through the police force as agent-level issues caused by non-political factors like
social inequality, poor training of the police officers, or just "bad apples."

The different role of the government in the two framing directions at the po-
lice violence accusations could also be viewed from the perspective of principal-
agent theory. N. J. Mitchell, 2021 specifies how the delegation relationship
between the principal and the agency could be used for blaming management.
He argues that the principal seeks to transfer the blame to the agency through
the delegation process (N. Mitchell, 2021). This "delegation for blaming man-
agement" theory provides a powerful theoretical lens to understand the govern-
ment’s intention of hiding behind the curtain in police violence by delegating
repressive actions to the police. Similarly, the violation government would pre-
fer the accusation of police violence focusing on the role of the agent (police)
to avoid direct criticism for human rights violations.

Generally, the agent-level framing of police violence downgrades the accu-
sation against the government from two aspects. First, the agent-level framing
disentangles the human rights violations facts from the government’s intention,
which could significantly impact the information recipients’ overall evaluation
of the targeted government’s human rights practice. As pointed out in N. J.
Mitchell, 2021, the audience might be less likely to blame the government for
the police atrocity under the agent-level framing. Second, the agent-level fram-
ing of police violence could cover the tension between the government and the
victims. Existing research shows that the public is more tolerant of police vio-
lence when it does not involve the government’s direct repression against the
challengers (Jackson et al., 2018; Moore, 2010; Rejali, 2009). Shying the role of
government, an agent-level framing of police violence accusations would invoke
less pushback from the public against the incumbent.

Figure 1.1: Police Violence Framing Strategies

7



1.2.2 Police Violence Reporting and Political Bias
Entangling with structural racism, police violence is deeply rooted in US soci-
ety and has been long haunting the country (Ang, 2021; Campbell & Valera,
2020; DeVylder et al., 2020; Miller, 1998; Potter, 2013; Ritchie, 2017). I argue
that the domestic struggle on the police violence issue will impact how the US
government assesses other governments’ similar violations in the USSD reports.
Moreover, one country’s political relationship with the US will play an impor-
tant role in shaping the police violence accusations in the reports. Researchers
already show a significant divergence in framing police brutality in the US me-
dia (Dukes & Gaither, 2017; Fridell, 2017; Porter et al., 2020). Following the
political bias findings from existing literature in studying the USSD reports
(Clark & Sikkink, 2013; Haschke & Arnon, 2020; Nieman & Ring, 2015; Poe
et al., 2001), I expect that the police violence accusations in the USSD reports
are framed in favor of those governments closer to the US. More specifically,
for countries closer to the US, the US government tends to compose police vio-
lence accusations in the USSD reports nearer to agent-level framing, like in the
domestic context, to avoid direct criticism against the government.

From the perspective of the US government, the partial standing in evalu-
ating police violence situations in the USSD reports is based on two strategic
considerations. On the one hand, the high political sensitivity of the police
violence issue domestically encourages the US government to frame their accu-
sation of this topic on other countries carefully. On the other hand, by framing
police violence in favor of its allies, the US could also expect favor back (Terman
& Byun, 2022) and ease the possible criticism from the allies against its domestic
police violence issue. Based on the distinction of the police violence framing
strategies specified above, the hypothesis is as follows:

• In USSD reports, the US government is more likely to report on police
violence of US allies and friends using agent-level framing and report
on police violence of non-allies and enemies using government-based
framing.

1.2.3 Defining Framing
Political communication scholars define framing as "the process of culling a
few elements of perceived reality and assembling a narrative that highlights con-
nections among them to promote a particular interpretation." (Entman, 2007,
p. 164) Two aspects of the conception are worth to be highlighted. First, fram-
ing is not equal to lie (Entman, 2007). Instead, the primary framing strategy is
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selecting specific aspects of a perceived reality and connecting them in a narra-
tive to promote certain interpretations (Entman, 2010; McCombs & Ghanem,
2001; Scheufele, 2000). Second, the conceptual relation between agenda setting,
what topics to talk about, and framing, how aspects of the topics are highlighted
to promote specific interpretations, are still subtle (Entman, 2007; McCombs
& Ghanem, 2001). In this article, I distinguish framing from the agenda-setting
strategy and focus on the "information editing" nature of framing. Instead of
what information on police violence issues is disclosed in the reports, I focus
on how the information is organized and presented.

Framing affects both public opinion (Chong & Druckman, 2007; Iyen-
gar, 1990; McCombs, 2002; Price et al., 2005; Rugg, 1941; Schuldt et al., 2011)
and policy decisions (Baumgartner et al., 2008; Dardis et al., 2008). Researchers
have shown the widespread political-driven framing bias in media reports (D’Alessio
& Allen, 2000; Dietrich & Eck, 2020; Druckman & Parkin, 2005; Entman et
al., 2004; Entman, 2010; Entman & Rojecki, 1993). However, the framing bias
in the USSD reports has yet to be studied. As the USSD reports are highly
structured and written by a large group of experts (Clark & Sikkink, 2013), the
framing bias could be more subtle in the text and more challenging to detect.

1.2.4 Comparison of Police Violence Accusations Framing
for Political Bias Detection

Comparing the framing inconsistency on police violence accusations also pro-
vides an effective way to detect the politics-driven bias across the USSD country
reports. For the police violence issues, as long as the accusations exist across two
country reports, the comparison of framing strategies will downgrade the sub-
stantive scale of the violations disclosed by the instance-level information from
the reports and focus on how the violation accusations are presented in the re-
ports and who is blamed for the violation. Empirical research shows that police
violence is a widespread violation in different country regimes (Jackson et al.,
2018). This fact allows an extensive pool for cross-sectional comparison on how
police violence accusations are framed in the USSD reports while minimizing
the influence of cross-national variations of the information environment, as
presented by the differences in event-level information disclosed at each coun-
try report. Moreover, current literature uncovered the various attention on
the different human rights topics across the USSD country reports (Bagozzi &
Berliner, 2018; Park et al., 2020). Focusing on police violence accusation fram-
ing can narrow the empirical concern and provide a powerful lens for detecting
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the cross-sectional inconsistency in the USSD reports caused by clear human
manipulations.

1.3 A LLM Approach for Text Representation

1.3.1 Framing Strategy Detection Methods
Although little research in social science, computer scientists have proposed
many tools to capture framing bias on political text (Ajjour et al., 2019; Baumer
et al., 2015; Card et al., 2015; Demszky et al., 2019; Field et al., 2018; Kwak et al.,
2021; Mokhberian et al., 2020; Recasens et al., 2013; Tsur et al., 2015; Ziems
& Yang, 2021). Generally speaking, two strands of methods are proposed by
the CS scholars. One strand of research mainly relies on the BoW models for
framing bias detection (Baumer et al., 2015; Demszky et al., 2019; Field et al.,
2018; Recasens et al., 2013; Tsur et al., 2015). For example, Baumer et al., 2015
tries to identify the potential keywords to denote the existence of biased fram-
ing in political news. This method aligns with social scientists’ emphasis on
the role of keywords and catchphrases in framing issues (Entman & Rojecki,
1993; Gamson & Modigliani, 1989). This method aligns with social scientists’
emphasis on the role of keywords and catchphrases in framing issues (Entman
& Rojecki, 1993; Gamson & Modigliani, 1989). Another interesting research is
from (Ziems & Yang, 2021), who examined entity-centric framing in reporting
police violence in US newspapers. They find that the media coverage of police
violence is highly biased along the ideological division. However, the lexicon-
level analysis ignores the semantic information in original texts and might yield
inaccurate measurements (Ziems & Yang, 2021). As a remedy, another strand
of research tries to utilize more complicated algorithms like artificial neural net-
works (ANN) to involve semantic information in frame bias detection (Iyyer
et al., 2014). However, the black-box nature of the ANN models heavily erodes
the interpretability of these methods (De Marchi et al., 2004) and hinders the
spread of the technique among social scientists.

The text network analysis has long been utilized in social science research
(Bail, 2016; Carley, 2020; Kampf et al., 2015; Segev & Boudana, 2019; Segev,
2020). By converting text into a network with tokens as nodes and the co-
occurrence of tokens in sentences as edges, the text network provides a humanly
interpretable representation of text data, which can be applied for framing strat-
egy detection. However, current text-to-network methods are still based on
the BoW assumption and mainly use the co-occurrence of words for network
construction without distinguishing the different logical connections among
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5 Some examples are Re-
current Neural Network
(RNN), Long Short-Term
Memory Networks (LSTM),
or Gated Recurrent Unit
(GRU)
6 The Transformers scheme
is the backbone for most
modern LLMs like Trans-
formers (BERT) and Gener-
ative Pre-trained Transform-
ers (GPT).

7 The "[CLS]" and "[SEP]"
strings are called placehold-
ers, which are used to tell
computer the starting and
ending of one sentence.

words (Bail, 2016; C. W. Roberts, 2020; Segev, 2020). Inspired by this tech-
nique, I propose a novel network approach for text analysis. Different from con-
ventional text analysis methods, the proposed method utilized state-of-the-art
LLMs in capturing word-level connection. The output text network provides
an interpretable representation of the input text while keeping the semantic in-
formation. When combined with various network analysis tools, this approach
emerges as an effective method for text-level analytical tasks, such as detecting
framing biases.

1.3.2 Self-Attention Mechanism in the Transformers Model
The Transformers model is a specific type of ANN model in which multiple
sub-models (called layers) are stacked together, and the output of a previous
layer is the input of the next layer. Comparing to previous ANN schemes for
NLP tasks 5 , the Transformers Model adopts a powerful design at each layer,
called self-attention mechanism, that extends the model’s capability in track-
ing the semantic information at sentence level during the training process and
help the algorithm better "understand" the text (Vaswani et al., 2017).6 In this
project, I will utilize this self-attention mechanism in the Transformers model
to capture the word-level connections in text data. For the rest of the section, I
will introduce the working mechanics of the attention mechanism in the Trans-
formers model and how it can be used to construct text networks for the original
documents.

Figure 1.2: The Transformers Model Structure

Take BERT, a popular type of Transformers model, as an example. As
shown in Figure 1.3, the sample sentence "The police arrested a peaceful protestor"
is input into the model.7 During training, BERT conceals one word in the in-

11



8 GPT, another popular
Transformer model, has
a very similar mechanism.
Instead of looking at the
words of both sides, GPT
only allows the algorithm to
look at the previous words
in predicting the hidden
word.

put sentence and prompts the algorithm to use the words on both sides of the
hidden word to predict it, which mechanism is called the Masked Language
Model technology.8 After rounds (called epochs) of training, BERT will be able
to know how to predict the concealed word based on other words in the sen-
tence. Like what human beings will do, BERT will pay more attention to those
words closer connected with the hidden words in predicting. In our example,
the word "arrested" might be weighted more than "a" in predicting the hidden
word "police." To "understand" which words should be paid more attention in
predicting the masked word, BERT stores the information of relevance among
words through "N×N " matrices (N is the number of tokens plus two placehold-
ers). This type of "N x N" matrix produced in each layer of BERT (and other
Transformer models) is called the (self-)attention matrix. Simply speaking, we
can understand the attention matrix as a reference table helping Transformer
models to understand the text-level word connections in the document.

Figure 1.3: Masking Mechanism in BERT Training

Note: Through the masking mechanism, BERT learns the connection between
words in one sentence and stores the word-level connection information in the
attention matrix.

In the Appendix, I provide a more detailed introduction to how the trans-
former model calculates the attention matrix at each layer. In actual application,
the Transformer models, including BERT, apply the "multi-head attention"
mechanism, which simultaneously calculates multiple attention matrices in
each layer to capture word-level connections at higher accuracy. The token-level
connection information stored in the attention matrices allows the Transform-
ers models to “understand” the substantive connections among words (Devlin
et al., 2018). Figure 1.4 shows one self-attention matrix generated from the
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9 As discussed in the Ap-
pendix, the attention matrix
is unsymmetric by definition
(Vaswani et al., 2017).

10 Knowledge graph stores
information in graphic for-
mat in which each node is
a substantive entity, and
edges show logical relation-
ship between the connected
entities.
11 Whether the attention
matrix could capture the re-
lationships among substan-
tive entities (relationship
of "things") as focused in
knowledge graph research
is still an ongoing conversa-
tion in AI (Jain & Wallace,
2019; Mohankumar et al.,
2020; Wiegreffe & Pinter,
2019). I focus on a much
simpler task, using atten-
tion matrices only for word
connection recognition
(relationship of "strings").
Substantive knowledge (like
framing strategy) will be ex-
tracted by further querying
on the text network. As C.
Wang et al., 2020 implies,
when only focusing on the
conceptual relevance among
strings without considering
substantive meanings, the
attention matrix from pre-
trained LLMs could provide
enough information.
12 The weights for the "large-
bert-cased" model are avail-
able in https://huggingface.
co/bert-large-cased.

BERT model on our sample sentence by taking the average of the attention
matrices generated at the final layer of the large BERT model. 9 Substantively,
we can take each value in the matrix as the reference weight, suggesting the
connection between the corresponding words in rows and columns.

Figure 1.4: Sample Self-Attention Matrix

1.3.3 Constructing Text Network from Attention Matrices
The word relations captured by attention matrices provide a convenient way
to convert the original text into a weighted text network while largely keeping
semantic information from the original text. Artificial intelligence researchers
have recognized that pretrained transformer-based LLMs can capture the re-
lational knowledge in text data (Safavi & Koutra, 2021). An emerging area
in AI tries to extract knowledge graphs from the pretrained transformer mod-
els (AlKhamissi et al., 2022).10 Moreover, the attention matrcies from the pre-
trained LLMs show their power in storing conceptual connections among the
words (Vig & Belinkov, 2019; C. Wang et al., 2020; Wiegreffe & Pinter, 2019).
For example, C. Wang et al., 2020 argue that the attention matrices output
by the pretrained LLMs can effectively capture the logical connections among
words from the given text. 11

Accordingly, the text network constructed on the attention matrices from
the pretrained LLMs could provide a comprehensive representation of the origi-
nal text. In this article, I use the pretrained large BERT encoder model to extract
attention matrices from the USSD reports.12 I specify a four-step pipeline for
text network construction from the BERT model. First, each USSD country
report is split into sentences to feed into the BERT model. I extract on the at-
tention matrices from the last layer of BERT to use.13 Second, I take the average
across all the extracted attention matrices at each entre and convert the output

13
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13 The large BERT model
has 24 layers and 16 atten-
tion heads at each layer,
which leads to 384 attention
matrices for each input sen-
tence (Devlin et al., 2018).
Arguably, common wis-
dom suggests that the deep
learning model’s final layer
provides the highest-level fea-
ture representation for each
data point. The proposed
pipeline allows different
layers for attention matrix
extraction, especially consid-
ering the ongoing dialogue
of the information intensity
packed in the different layers
of the deep learning models
(Vig & Belinkov, 2019).
14 The attention matrices
are learned from the full text
with no preprocessing which
guarantees the Transformers
model better captures the
semantic information from
the text. Text simplifica-
tion is in step three when
constructing the text net-
work so that the resulting
network only words bearing
substantive meanings.

matrix to symmetric by averaging it with its transpose matrix. Third, I take the
symmetric matrix from step two as the adjacent matrix for sentence-level text
network construction. I delete all the values in the adjacent matrix’s diagonal
to avoid self-loop. Each token is stemmatized and concatenated with its part-
of-speech (POS) tagging through underscore as the nodes in the text network
(like "kill_verb"). For simplification, in this step, I also delete all nodes of place-
holders, stopwords, numbers, punctuations, and the connected edges. Finally,
I combine the sentence text networks together into the document text network
by merging the same nodes and adding weights of edges connecting the same
pairs of nodes. Figure 1.5 shows the general process of the pipeline. 14

Figure 1.5: Text-to-Network Method Pipeline

1.4 A Network Approach in Measuring the Fram-
ing Strategies in the USSD Reports

1.4.1 A Network Approach in Measuring Framing on Text-
Level

On police violence accusations, the varying framing strategies in the USSD re-
ports are characterized by the different levels of focus on the government’s par-
ticipation in the reported violations. In reports, when the government’s role is
highlighted in police violence, the semantics of the keywords "government" and
"police" will be highly similar because of the two keywords’ mutual-substitutive
status in reported violations. Following this logic, I will utilize the semantic
similarity between the the keywords "government" and "police" as the proxy
measurement of the police violence accusation in the USSD reports. Moreover,
as framing is achieved by the sophisticated combination of words in informa-
tion presentation (Entman & Rojecki, 1993; Gamson & Modigliani, 1989), the
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15 When applying LDA, I
set the two keywords nodes
"government_NOUN" and
"police_NOUN" as the
starting points (seeds) for
the network search.

semantic similarity can be captured by analyzing the words that logically con-
nect to these two keywords. The proposed network representation of text data
provides a convenient way for this purpose.

After converting each USSD report into a text network through proposed
method, I extract the subgraph around the two keywords "government" and
"police" with all connected nodes and the edges (called "police-government"
network). When the semantics of the two keywords are diverge and the role of
government is understated in police abuse, the sets of words connecting with
the "government" and "police" should be different, with minimal interconnect-
ing edges. Conversely, when the government is highlighted in police violence
accusations, the words linked to these two keywords are likely to substantially
overlap, resulting in a dense network. This divergence in community structure
inside of the "police-government" network can be quantified by the modularity
score (Newman, 2006). Theoretically, the modularity score of a given network
could take values from 0 to 1. A higher modularity score means more significant
sub-modules exist in the network, which implies an agent-level framing and the
role of government is downplayed in police violence accusations. A lower mod-
ularity score implies either the government is highly involved in police violence
accusations or the words "government" and "police" are interchangeable in de-
scribing the relation against the same set of conceptions like specific victims
or violations. Either way, the police violence accusation is framed on the gov-
ernment level. The extreme case could be that the police department is not
taken as an independent actor, and all accusations involving police action, like
arresting or torturing, default as the government’s behaviors. In fact, for most
USSD reports on North Korea between 1995 and 2005, the police department
is not mentioned, and only the government’s role in police-related brutality is
highlighted.

Figure 1.6 shows examples of how the network approach could quantify
police violence accusation framing strategies from text. The text networks in
the graph are generated from the sample sentences using the proposed method.
Applying the Louvain community detection algorithm (LDA) (Blondel et al.,
2008), the colors show the detected community structure on each text net-
work.15 The modularity scores for the community structure of each text net-
work are shown in Table 1.1. As shown, when the police violence accusations
are separated from the government evaluation, the resulting text network has
significant submodules, and the modularity score is high. As the involvement
of the government in police violence becomes increasingly evident, words asso-
ciated with ’government’ and ’police’ start to construct a denser network with

15



a lower modularity score. When the modularity score is 0, the government’s
responsibility for police violence is clearly pointed out in sample texts.

Figure 1.6: Community Detection on Sample Text Networks

Table 1.1: Modularity Scores for Text Networks

Index Sample Sentence Modularity Score
1 "Police kill protestors. Government respects human rights." 0.45
2 "Police kill protestors. Protestors protest against the government." 0.26
3 "Police kill protestors. Government murder protestors." 0.14
4 "Police kill protestors. Government kill protestors." 0.0
5 "Police kill protesters. Government controls the police." 0.0

1.4.2 Measuring Police Violence Accusation Framing in USSD
Reports

In this research, I utilize the USSD reports corpus from the Human Rights Text
dataset collected by (Fariss et al., 2015). Figure 1.7 shows the general steps of mea-
suring police violence accusation framing strategy by the network approach
stated above in the USSD reports. Each USSD country report is converted
to a text network using the proposed approach, and the police-government
subgraph is extracted from the output network. After applying LDA to each
police-government network, the resulting modularity score for the detected
community structure of each network is taken as the measurement of the fram-
ing strategy of police violence accusations in the USSD reports.

16



Figure 1.7: Steps in Detecting the Police Violence Accusations Framing Bias in
the USSD Reports

Importantly, the proposed approach’s effectiveness in measuring the fram-
ing bias in the texts relies on the utilized Transformers model’s capacity to cap-
ture the semantic information from the text data. It is not guaranteed that the
utilized BERT model can capture the logical connections among words with
100% accuracy. Nevertheless, the aggregation process of combining sentence
text networks to a document text network helps to mitigate the potential inac-
curacy for word relation detection at the sentence level. The proposed scheme
also allows the embedding of more advanced LLMs for better performance.

1.5 Politics-driven Framing Bias in the USSD Re-
ports

1.5.1 Regression Analysis
Given the measurement of police violence accusations framing, the next step is
to test the political bias argument on the USSD reports. Despite the political
consideration, police violence accusations in the reports could be driven by
many other factors. Accordingly, I rely on statistical tools to confirm whether
the variation of police violence accusations framing in the USSD reports is from
political manipulations.

The unit of analysis is country-year. The response variable is the police vio-
lence accusation framing in USSD reports measured by the modularity score of
the police-government networks. To measure one country’s political relation-
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16 As an alternative mea-
surement of the central
government’s control of
local police, I use the govern-
ment mode variable from
the IAEP dataset which in-
dicates whether a country
takes a unitary system or fed-
eral system (Wig et al., 2015).
The main regression results
remain the same and the gov-
ernment mode variable does
not have a significant impact
on the response variable.
17 The missing values and
the model diagnostic anal-
ysis are discussed in the
Appendix. According to
the results, no significant
violation of the linear model
assumptions is found.

ship with the US, I first adopt the US alliance indicator from the Correlates of
Wars (COW) database (Gibler, 2008), which provides a dichotomous measure-
ment on whether a state constructs a formal alliance with the US in a given year.
Meanwhile, I take the voting agreement variable provided by Bailey et al., 2017
as an alternative measurement, which shows the level of political agreement
between one country and the US at the UN Generally Assembly voting each
year, taking the value from 0 to 1 with higher values meaning more agreement.
To address the potential influence of the economic relation, I include the vol-
ume of one country’s annual trade with the US (Pevehouse et al., 2020) and the
received US aid (USAID data).

To control the confounding impact of the reported country’s actual police
violence level each year, I adopt the police-related torture indicators from the
Ill-Treatment and Torture (ITT) country-year dataset (Conrad et al., 2013). The
inclusion of the three police-related variables from the ITT data on police vi-
olence against criminals, dissent, and marginalized individuals could also help
to control the impact of different types of police violence on the accusations
framing in the USSD reports. These variables are coded based on the allega-
tions in Amnesty International’s annual human rights reports, media reports,
and Action Alerts, and span from 0 to 5, with higher values meaning more sys-
tematic police violation (Conrad et al., 2013). Following Jackson et al., 2018
practice, I transform the three variables into dichotomous indicators to avoid
the potential influence of the preponderance of zeros in the measurements.

For other confounders, I first control one country’s general human rights
practices using the Fariss latent human rights protection indicators (Fariss, 2014).
As the government’s ability to control the police department might also impact
the monitoring agency’s framing of police violence, I include the state capacity
variable from (Hanson & Sigman, n.d.).16 I control one country’s regime type
using the polity2 variable from the POLITY V dataset (Saunders, 2010). Finally,
I control the country population (log-transformed) for the potential influence
of population pressure on political violence (Urdal, 2008) and the GPD (log-
transformed) volume. For the limitation of data availability on the predictors
and control variables, the final dataset for the regression analysis spans from 1995
to 2005. Figure 1.9 shows distribution of the modularity score in the dataset.
Table 1.2 shows the country reports with the lowest modularity scores (harshest
framing against the government) from the final dataset.

Fitting all variables into the ordinary least square (OLS) regression model,
the results are shown in Table 1.3.17 As shown, when one country is politically
closer to the US, the modularity score of the police-government network from
the corresponding USSD report is significantly higher (agent-level framing).
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Figure 1.8: Distribution of the Modurality Scores of the "Police-Government"
Text Network from the USSD Reports: 1995 - 2005

Substantively, as the modularity score spans from 0.17 to 0.41, one country’s
alliance with the US is associated with the increase of modularity score by 3% in
the USSD reports. From model 2, the modularity scores for countries closest
to the US (UN Voting Agreement equals 1) are 34% higher than those furthest
from the US (UN Voting Agreement equals 0). Both relations are statistically
significant at the 99% confidence interval. These results suggest that the framing
of police violence accusations is biased for countries politically closer to the US
and supports the main hypothesis.

For economic relations, model 2 provides weak statistical evidences on the
association of one country’s enlarging trade with the US and a less harsh accusa-
tion against its government regarding the police violence topic in the USSD re-
ports. This finding is consistent with existing suspicion on the human rights re-
porting bias driven by one country’s economic relationship with the US (Bagozzi
& Berliner, 2018; Foot, 2000; Mertus, 2008). Meanwhile, both models suggest
that the US aid recipient countries would face harsher accusations against the
government on police violence issues. The opposite impacts of the two eco-
nomic variables could be explained by the subtle mechanisms of the US aid
distribution (Demirel-Pegg & Moskowitz, 2009) and also conform with the
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Table 1.2: Country Reports with Lowest Modularity Scores on the "Police-
Government" Text Network: Top 20

country_year Modularity country_year Modularity
1 Russia_2001 0.17 11 Kazakhstan_1999 0.19
2 Russia_2003 0.17 12 Russia_2005 0.19
3 Russia_2004 0.17 13 Saudi Arabia_2004 0.19
4 Russia_2002 0.17 14 Saudi Arabia_2002 0.19
5 China_1999 0.18 15 Ukraine_2000 0.19
6 Russia_1999 0.18 16 Sudan_2003 0.19
7 Russia_2000 0.18 17 Belarus_2003 0.19
8 North Korea_2005 0.18 18 Israel_2005 0.19
9 Israel_2003 0.19 19 Myanmar_1999 0.19

10 China_1998 0.19 20 Israel_2001 0.19

empirical findings on the influence of US aid at the cross-national power hier-
archy (T.-Y. Wang, 1999).

For other variables, the polity score is positively correlated to the response
variable, which suggests the accusations of police violence against democratic
governments are less harsh in the USSD reports. Interestingly, neither the hu-
man rights variable nor the police violence indicators were shown to be sig-
nificantly associated with the police violence accusation framing in the USSD
reports in both models. As shown in the online Appendix, when only regress-
ing the police violence indicators against the response variable, the results sug-
gest the police violence accusation in the USSD reports is significantly harsher
when more serious police abuses are observed in the reporting countries. Simi-
larly, one country’s better human rights practice is significantly associated with
less harsh police violence accusations in the USSD reports. One explanation
for the nonsignificance of the police violence indicators and the human rights
variable in Table 3 models is that other more significant predictors cover their
covariations with the response variable. This could further suggest the existence
of substantial human manipulations on the police violence accusations in the
USSD reports.

1.5.2 Cases Comparison
At this point, readers may be curious about the manifestation of the framing
bias on police violence accusations in the USSD reports. In this section, I aim to
illustrate how the captured framing bias could appear at the text level. The case
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18 Other four cases are:
Colombia, Philippines,
Turkey, Ecuador. All five
country reports have much
higher modularity scores
than the Russia 2015 report.

comparison could also serve as a visual validation of the proposed measurement
method. I utilize a matching method following a similar logic as suggested
in Ho et al., 2007 to select the cases for comparison. Focusing on the 2005
data, I compare the observations of US allies against Russia, extracting the top
five countries with the smallest Minkowski distance across all other control
variables.18 Among the five cases comparable to Russia, I choose to compare the
2005 Russia Report and Brazil Report for potential substantive interests.

Figure 1.9 presents all the sentences from the two reports containing both
the keywords "government" and "police". As shown, the role of government is
understated in police violence reporting in the Brazil report and is emphasized
in the Russia report. For example, in sentence one of the Brazil report, the
government is pointed out as not involved in political killing even if the police
killings are widespread. In sentence four from the 2005 Russia report, the role
of government is highlighted in the police harassment of Muslim clerics. The
different framing strategies are captured by the proposed measurement. As
shown, the Russia 2005 report has a much lower modularity score compared
to the Brazil report.

Importantly, the cases discussed in this section are to help readers better
understand how the framing bias in the police violence accusations could be
shown at the text level in the USSD reports. The proposed network approach
does not rely on the keyword co-occurrence in the same sentence to measure the
government’s role in police violence accusations. In many reports, no sentence
contains the keywords "government" and "police" simultaneously, while the
proposed method could still capture the semantic similarity of the two keywords
at the document level.

1.6 Robustness Check: Framing Bias in the PTS
Index

As discussed above, information framing could greatly impact the audiences per-
ceptions (Entman, 2007). If the proposed measurement is accurate, captured
framing bias should influence how researchers evaluate one country’s human
rights practices based on the USSD reports. In the PTS human rights dataset,
trained coders generate separate human rights indexes of one country from the
USSD (PTS_SD) and Amnesty International’s (PTS_AI) reports. If the mea-
surement captures meaningful bias in the USSD reports, then for the country
exhibiting lower modularity in the police-government network, the PTS_SD
index is expected to indicate more severe human rights violations compared to
the PTS_AI index.
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Figure 1.9: Cases Comparison: Brazil 2005 Report vs. Russia 2005 Report

I construct two country-year variables based on the PTS indexes from 1995
to 2005: one dichotomous "SD_HIGHER" variable signifying the cases of one
country receiving a worse (higher) PTS_SD score than PTS_AI score, and one
ordered "SD_AI" variable subtracting the PTS_AI score from the PTS_SD of
the same country each year. As shown in Figure 1.10, for the observations with
worse PTS_SD scores, the corresponding USSD reports’ modularity scores are
significantly lower. Figure 1.11 suggests a linear relationship in which worse
PTS_SD scores is associated with lower modularity scores, even though the
association does not arrive conventional significance threshold. Assuming the
consistent coding standard in the PTS project (Arnon et al., 2023), these results
suggest the substantive influence of the framing bias and confirm the validity
of the proposed framing bias measurement.
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Figure 1.10: Framing Bias in the PTS Dataset: Binary Response

Figure 1.11: Framing Bias in the PTS Dataset: Ordered Response
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Table 1.3: Empirical Results: Political Bias in USSD Reports 1995 - 2005

Dependent variable:

Modularity of the Police-Government Network

(1) (2)

US Ally 0.007∗∗
(0.003)

UN Voting Agreement 0.081∗∗∗
(0.008)

Received US Aid (logged) −0.005∗∗∗ −0.005∗∗∗
(0.0005) (0.0005)

Trade with US (logged) −0.001 0.001∗
(0.001) (0.001)

Police Vio. against Criminals 0.003 0.00002
(0.004) (0.003)

Police Vio. against Dissidents 0.005 0.007∗∗
(0.004) (0.003)

Police Vio. against Marginalized Indiv. −0.0004 −0.002
(0.003) (0.003)

State Capacity 0.007∗∗∗ 0.002
(0.002) (0.002)

Fariss Human Rights Indicator 0.00001 0.0001
(0.001) (0.001)

Population (logged) −0.008∗∗∗ −0.009∗∗∗
(0.001) (0.001)

GDP per capita (logged) −0.012∗∗∗ −0.016∗∗∗
(0.002) (0.002)

POLITY Score 0.002∗∗∗ 0.002∗∗∗
(0.0002) (0.0002)

Constant 0.569∗∗∗ 0.575∗∗∗
(0.024) (0.023)

Observations 1,311 1,270
R2 0.261 0.327
Adjusted R2 0.255 0.322
Residual Std. Error 0.035 (df = 1299) 0.033 (df = 1258)
F Statistic 41.780∗∗∗ (df = 11; 1299) 55.678∗∗∗ (df = 11; 1258)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Chapter 2

Conclusion & Discussion

How does one country’s domestic human rights issues influence its interna-
tional human rights practice? In this article, I focus on the influence of the
US domestic police violence issue in its transnational human rights reporting.
The nature of police force allows two directions in framing police violence:
government-level framing and agent-level framing. The government-level fram-
ing represents harsher criticisms against the government for highlighting the
government’s direct responsibility in police abuse. Through a novel network
approach for text analysis, the empirical results uncover political-driven fram-
ing bias in the police violence accusations at the USSD reports. Controlling for
other variables, for countries politically closer to the US, the USSD reports tend
to frame police brutality as an agent-level issue and avoid directly criticizing the
government.

The theoretical contribution of this article is twofold. First, this research
shows the transnational impact of US domestic police violence issues. For the
importance of the USSD reports for the international human rights regime
(Bagozzi & Berliner, 2018), this finding could imply a profound influence of
the US police violence problem on the global level. Second, this research speaks
to the ongoing literature on political-driven bias in human rights monitoring
and reporting (Arnon et al., 2023; Park et al., 2020). The result suggests that
political bias in human rights reports not only exists in what information is
disclosed but also in how the accusation is framed. The framing bias detected
in the USSD reports encourages further scholarship to inspect political texts
more carefully for subtle manipulations.

This article exposes the tendency of the US government to take a slippery
standing in assessing other country’s human rights practices on issues with
high domestic sensitivity. On one hand, this finding emphasizes the potential
divergence in human rights reporting across different issue areas and violation
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19 If referring to how simple
neurons could aggregate
together and become the hu-
man brain, the assumption
of the strange point for the
final arrival of AGI through
simple neural network ex-
tension and computational
power aggregation is reason-
able.

types. If the monitor is under attack on a specific human rights issue, it might
not be able to provide the most unbiased evaluations of other actors’ practices
in that area. For scholars, we need to also take into account the monitor’s own
human rights record when referring to their reports, especially concerning issues
that pose challenges to the monitor itself. On the other hand, besides police
violence, other issues that challenge the US, like torture, abortions, and racism,
as mentioned above, might also impact how the corresponding accusations
are framed in the USSD report. Further examination of the accusations on
other human rights topics bothering the US in the USSD reports might help
scholars better understand the biases sources of the documentation as well as
the connection between the US domestic politics and its transnational human
rights practices.

Methodologically, the proposed LLM-based method provides a powerful
representation of text data in a network form. Different from BoW-based text
analysis methods, the network representation of text data can effectively in-
volve semantic information in analysis. Moreover, the text network provides
a human-interpretable output for the automatic text processing. The text net-
work could work with different network analysis tools for downstream tasks like
topic modeling and sentiment analysis. The proposed text-to-network pipeline
is compatible with different Transformer models and allows political scientists
to work with the most-advanced LLMs for better text representation.

Moreover, from the application in this paper, the BERT model shows ca-
pability in capturing logic inside of natural languages. Nevertheless, based on
the basic scheme of connectivist AI algorithm, it is still too early to claim that
transformers-based LLMs could understand the logic in language just like hu-
man beings. The current trend in AI advancement, represented by the pop-
ularity of different generative AI models like ChatGPT, seems to become the
competition on the simple neural-netowork-based model (layer) extension and
computational power aggregation. Without understanding what kind of infor-
mation is picked up by the billions of parameters boxed in the neural network
during training, this simple competition scheme on AI development points out
a rather grey picture for the AI scholarship. Assuming a "strange point" exists, in
which the LLMs magically passes the Turing Test and gets the features to be de-
fined Artificial General Intellgenece (AGI).19 The development of connectivist
AI before the "strange point" is rather boring for the simple network extension
and computational power aggregation. Meanwhile, the AI algorithm after the
"point" is very dangerous as we don’t understand how the data is processed and
the perceptions are constructed in the background. Through this project, the
author hopes to contribute to the existing academic endeavors on unpacking
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the blackbox of the LLMs and help scholars to understand the mechanism in
the Transformers model better.
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20 The "[CLS]" and "[SEP]"
in the graph are the place-
holders to identify the start
and end of one sentence.
21 In actual training, Trans-
formers models, including
BERT, will further break the
words or tokens into letters.
However, the training logic
(masking mechanism) and
the calculation of attention
matrices are the same. For
better illustration, I focus on
the word-level mechanisms.
22 The default value for k is
512 in (Vaswani et al., 2017).

Appendix A

Bad Apples Just for
Friends: A Large
Language Model

Approach in Studying
Police Violence

Accusation Framing at US
Human Rights Reports

A.1 Attention Mechanism in Transformers

A.1.1 Attention Score Computation for Single Word
In this section, I will provide a more specific introduction to how the atten-
tion score of a single word in one sentence is calculated in the BERT mode.
In the BERT model, the input sentence is first broken into words (called to-
kenization), and the word is converted to vectors of the same length for later
processing, which step is known as word embedding.20 Essentially, the word-
embedding process is to use a list of values to represent a specific word.21 The
word-embedding process is only applied once on each word at the beginning
of the Transformer model. After embedding, the input sentence is converted
to a n× k matrix, in which each row corresponds to a token in the sentences,
noted as v1, v2, . . . , vn, and the k as an arbitrary number for the length of each
word-embedding vectors.22
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23 Both dk and dv are ar-
bitrary numbers and can
take values different from N
and k. The default setting is
dk = dv = 64

The embedding matrix is then input into the attention layer. At every atten-
tion layer, we initiate three matrices WQ, WK , and W V as the Query weight
matrix, Key weight matrix, and Value weight matrix, the values of which are
first given as constants and then learned from the model training. The dimen-
sions of WQ and WK are k × dk, and the dimension of W V is k × dv. 23 By
multiplying vi with the three matrices, we get three new vectors for each token
i called key vector ki, query vector qi, and value vector vi.

In the next step, we calculate the attention scores of each token in predicting
the hidden tokens. For the example in Figure 2, the attention score for the token
"The" in predicting the hidden word "police" should be Attention”The” =

q”police” · k”The”, and for the token "arrested" in predicting police should be
Attention”arrested” = q”police” · k”arrested”. This attention score describes
how much attention should be put to the corresponding word in predicting
the hidden word. For each hidden token, by calculating the attention score of
every tokens from the sentence (including the hidden token itself), we can get a
n-length vector in which each value is the attention score of the corresponding
tokens against the targeted tokens. Through normalizing each value by the sum
of the vector, the attention scores in the vector are converted to ratios, which
provide a more intuitive (and computationally efficient) way to describe the
weights each token got in predicting the hidden tokens. Next, for the weights
of each token in the normalized attention matrix, we multiply them with the
value vectors of corresponding tokens to highlight the impact of relevant tokens
and drown out irrelevant tokens. Finally, we sum up the weighted value vectors,
and this produces the self-attention layer at the focusing (hidden) token.

A.1.2 Attention Matrix Computation
In application, the attention layers are computed in matrix form. Following
the illustration above, the dimension of the embedding matrix is N × k, and
each row of the embedding matrix vi is a vector representation of correspond-
ing words. Then, we calculate the Query, Key, and Value matrices from the
pretrained weight matrices using the following function:

QN×dk = AN×k ·WQ
k×dk

(A.1)

KN×dk = AN×k ·WK
k×dk

(A.2)

VN×dv = AN×k ·W V
k×dv (A.3)

Substantively, we can understand the Query matrix (Q) as the representation
of the focused word for which the context is being determined. The Key matrix
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24 The 1√
dk

scalar is used
to scale the values in the
QKT matrix. This is the
original design proposed
in the Vaswani et al., 2017
paper for more efficient
model training.

25 Refer to the source
code of the large BERT
encoder model at https:
//github.com/codertimo/
BERT-pytorch.

26 The BERTVIZ library
published by Vig, 2019 is
used to produce the graph.

(K) creates key vectors for each word (as each row in the K matrix), which helps
the algorithm to measure the relevance between the focused word (using the
corresponding query vector from the Q matrix) and other words. The Value
matrix (V) is utilized for calculating the final text-aware vector representation
of each word. Finally, the matrices Q, K, and V are input into the following
equation to extract the attention function:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)N×NVN×dv (A.4)

As shown in equation (4), the production of the Query matrix (Q) and
the K matrix (K) produce a N ×N attention matrix, which is designed to cap-
ture the sentence-level connection among each words.24 The softmax func-
tion, which is called the activation function in the deep-learning model, is for
row-wise weight normalization to convert attention score to proportion, as we
discussed in the last section. After the softmax function, each row of the
self-attention matrix should be sum to 1.

Strictly speaking, the final attention matrix is the production of the atten-
tion weights and the value matrix, and the dimension should be n × dv, as
suggested in equation (4). Each row of the attention matrix is a new represen-
tation of the corresponding words different from vi of the embedding matrix
with the involvement of the semantic information captured by the transformer
model. However, most working Transformer-based algorithms, like BERT, will
capture the output of softmax(QKT

√
dk

)N×N as theN×N self-attention matrix.
25 For the multi-head attention mechanism we discussed in the paper, there are
h = k/dv number of different self-attention matrices and the n× dv final at-
tention matrices calculated in each layer. By concatenating the h final attention
matrices together, there is a new n × k attention matrix to input to the next
attention layer. In this research, I will only focus on the N ×N self-attention
matrices at each attention layer to extract the word-level connections. Especially
as both the Q and K matrices are not symmetric, the final n× n self-attention
matrices are not symmetric either.

Figure A.1 26 shows an example of how the self-attention matrix is calculated
on the sample sentence from the BERT model. For each word in the sentence,
there is a corresponding query vector (q) and key vector (k). To know which
words are closely connected with the word "police," the model calculates the
element-wise product of the query vector for "police" (qpolice) with the key vec-
tors of all other words (k¬police), as shown in the "q x k (elementwise)" column.
The sums of the element-wise product for each pair of qpolice and k¬police are
calculated ("q · k" column). The words that are closely relevant to the query
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word "police" will get high scores in the summation of the element-wise produc-
tions between their key vectors and qpolice. As shown in the graph, the words
"arrested," "peaceful," and "protest" are recognized to have closet relevance with
"police" by BERT. Figure 3 in the paper shows the sample self-attention matrix
extracted from the sample sentence by BERT. The values in the matrix show
the relevance between the corresponding tokens calculated by the pretrained
transformer model.

Figure A.1: Attention Matrix Calculation Visualization

A.2 Pipeline Specification & Modularity Detec-
tion

A.2.1 Text-to-Network Pipeline
In converting reports into text networks, there are four steps in general. In
step one, I extract all the attention matrices output by the large BERT encoder
based on the input report. For each input document, the full text is broken into
sentences. The different sentences are fed into the BERT encoder for attention
matrcies extraction. Especially for simplifying the final text network, I delete
all placeholders, stopwords, numbers, and dates, as well as the corresponding
weights, when extracting the attention matrices. The sentence-level attention
matrices for later steps only contain the words after the deletion.

In the second step, I convert the attention matrices for each sentence into
a single matrix. As discussed in the article, the BERT encoder will output 16
attention matrices at each of its 24 transformer layers. I extract the 16 attention
matrices from the final layer, which should provide us the best representation of
the word connections according to conventional wisdom, and take an average
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27 Without setting the seed
words, the community de-
tection algorithm might
cluster "police" and "gov-
ernment" into the same
subgroup.

on each cell across the matrices. The final single matrix is taken as the adjacent
matrix for the input sentence for text network construction.

In step three, I construct the sentence-level text network according to the
adjacent matrix obtained from the last step. In step four, I combine the sentence-
level network together to get the final text network. To get the text-level network,
I merge the same nodes and combine the edge weights connecting the same pairs
of nodes. In the final text network, I delete all self-loops so that the edges can
only connect different words. Through the four steps above, one country report
is converted to a text network for further analysis.

A.2.2 Modularity Score Detection
For using modularity score as the proxy indicator for the framing of police vi-
olence accusations in the USSD reports, I first extract the subgraph in each of
the report text networks centering on the keywords "police" and "government"
(police-government network) Specifically, I extracted all nodes connected to the
two keywords as well as the edges between any of the two selected nodes. Next,
I apply the Louvain community detection (LDA) algorithm on the subgraph
to detect the sub-module structure. I specify the two keyword nodes, "gov-
ernment" and "police," as the starting point (seeds) for the community struc-
ture search. This specification allows the community detection result to better
present the frame around the keywords and avoid the potential confounding
effect of other well-connected words, like the word "protest" in the second and
third graphs of Figure 1.6 in the article.27

A.3 Empirical Analysis

A.3.1 Data Discussion
There are 2106 reports in the Human Rights Text corpus collected by (Fariss
et al., 2015). I ignored the four reports from 1995 to 1998 on Tibet for the lack of
country-year-level predictors. In the rest of the 2102 reports, there are 23 reports
in which one of the keywords, "police" or "government," is not mentioned, as
shown in Table A.1. After including all variables of interest, the situation of
missing values is shown in Figure A.2. As shown, there are only 9.7% of the
observations having missing values, and most missing values are concentrated
on the variables from the Ill-Treatment and Torture (ITT) country-year dataset
(Conrad et al., 2013). For the small proportion of incomplete observations, I
argue that the missing values won’t bias the statistical inference in this research.
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Table A.1: Country Reports Missing One of the Keywords

Country Code Year Modularity
1681 North Korea PRK 2004 No Report on Police
1683 North Korea PRK 2002 No Report on Police
1217 North Korea PRK 2001 No Report on Police
695 North Korea PRK 2000 No Report on Police

1886 North Korea PRK 1999 No Report on Police
11010 North Korea PRK 1998 No Report on Police
1468 North Korea PRK 1997 No Report on Police
1548 Eritrea ERI 1997 No Report on Police
1858 Palau PLW 1997 No Report on Police
389 Tuvalu TUV 1996 No Report on Police
809 North Korea PRK 1996 No Report on Police
1179 Somalia SOM 1996 No Report on Police
1569 Palau PLW 1996 No Report on Police
1840 Myanmar MMR 1995 No Report on Police
3610 Afghanistan AFG 1995 No Report on Police
5114 Lebanon LBN 1995 No Report on Police

7610 Palau PLW 1995 No Report on Police
8810 Western Sahara ESH 1995 No Report on Police
9212 Sao Tome and Principe STP 1995 No Report on Police

12010 North Korea PRK 1995 No Report on Police
12510 Taiwan TWN 1995 No Report on Government
13010 Kyrgyz Republic KGZ 1995 No Report on Police
17212 Iran IRN 1995 No Report on Police

A.3.2 Model Diagnostics
Figures A.3 and A.4 below show the "fitted vs. residual" plots of the two models
in Table 6.2. As shown in the plots, no significant heteroskedasticity issue is
detected.

Another potential issue in the regression models is the multi-collinearity. As
shown in Table A.2, for the original models reported in Table 1.3 of the article,
none of the predictors have a VIF score higher than 5, and thus, no significant
multi-collinearity issue is identified.

A.3.3 Matching Results
In the cases comparison section, I focus on the 2005 USSD report on Russia
and try to identify a suitable report on US allies to compare with it. The main
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Figure A.2: Missing Values in Final Dataset

Figure A.3: Fitted vs. Residual Plot
for Model 1

Figure A.4: Fitted vs. Residual
Plot for Model 2

idea is to compare the 2005 Russia report with another country report whose
target has similar features to Russia but is allied with the US so that the varia-
tions on the reports are more likely caused by political bias. For this purpose, I
first extracted all the observations on US allies in 2005. Second, I focus on all the
control variables (besides "US Ally" and "UN Voting Agreement") and calculate
the Minkowski distance between each US ally observation and Russia in 2005.
Those countries having smaller Minkowski distances share more common fea-
tures with Russia. Table A.3 shows the ten countries with the smallest distance
on the control variables with Russia in 2005. For potential substantive interests,
I choose to compare the 2005 Brazil Report with the 2005 Russia Report in the
article.
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Table A.2: VIF for Regression Models

Model 1 Model 2
US Ally 1.70
UN Voting Agreement 1.41
Received US Aid (logged) 1.24 1.24
Trade with US (logged) 3.82 3.23
Police Vio. against Criminals 1.27 1.27
Police Vio. against Dissidents 1.18 1.19
Police Vio. against Marginalized Indiv. 1.25 1.25
State Capacity 3.67 3.87
Fariss Human Rights Indicator 2.62 2.65
Population (logged) 2.44 2.41
GDP per capita (logged) 3.77 3.80
POLITY Score 1.92 1.83

A.3.4 Police Violence & Human Rights indicators and Ac-
cusation Framing

This section presents the regression results of different police violence and hu-
man rights indicators on the modularity score. As shown in Table A.4, the
presence of police violence will lead to a lower modularity score for the "police-
government" network, which indicates a government-level framing of police
abuses and harsher criticisms against the government. Worse human rights
practice is also associated with lower modularity scores and thus harsher fram-
ing of police abuse accusations in the USSD reports. All the associations are
statistically significant in intuitive directions. These significant associations ebb
in the regression models shown in Table 1.3 of the article. This means that con-
trolling the impact of confounders, the police violence accusations detected by
the proposed network approach are shaped by other more influential variables,
which are the political relation variables in this research.
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Table A.3: Top Ten Countries with Closest Minkowski Distance to Russia in
2005

Country Modularity Minkowski Distance to Russia
1 Colombia 0.23 1.99
2 Philippines 0.26 3.41
3 Türkiye 0.23 3.74
4 Ecuador 0.30 4.22
5 Brazil 0.24 4.34
6 Honduras 0.25 4.44
7 Mexico 0.26 4.53
8 Peru 0.26 4.71
9 Guatemala 0.25 4.86

10 Dominican Republic 0.25 5.28

Table A.4: Police Violence & Human Rights indicators vs. Accusation Framing

Dependent variable:

Modularity

(1) (2) (3) (4) (5)

Police Vio. against Criminals −0.011∗∗∗ −0.006∗∗
(0.003) (0.003)

Police Vio. against Dissidents −0.014∗∗∗ −0.006
(0.004) (0.004)

Police Vio. against Marginalized Indiv. −0.008∗∗∗ −0.003
(0.003) (0.003)

Fariss Human Rights Indicator 0.007∗∗∗ 0.007∗∗∗
(0.001) (0.001)

Constant 0.269∗∗∗ 0.268∗∗∗ 0.268∗∗∗ 0.266∗∗∗ 0.268∗∗∗
(0.001) (0.001) (0.001) (0.001) (0.001)

Observations 1,511 1,511 1,511 2,034 1,511
R2 0.012 0.010 0.004 0.074 0.070
Adjusted R2 0.011 0.010 0.004 0.074 0.068
Residual Std. Error 0.040 (df = 1509) 0.040 (df = 1509) 0.040 (df = 1509) 0.041 (df = 2032) 0.039 (df = 1506)
F Statistic 18.416∗∗∗ (df = 1; 1509) 15.666∗∗∗ (df = 1; 1509) 6.699∗∗∗ (df = 1; 1509) 163.443∗∗∗ (df = 1; 2032) 28.341∗∗∗ (df = 4; 1506)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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