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This study develops and validates a novel text-as-data method for measuring in-
terstate relations from political texts. Building on advances in natural language
processing, I construct a directed dyad-year index of a state’s expressed salience
(prominence) and affinity (evaluative stance) toward other states in its national se-
curity strategy. The measure is derived through a pipeline that integrates sentence-
level segmentation, entity recognition, sentiment analysis, stance detection, and
best–worst scaling calibration. Applied to a new corpus of 438 national security
strategy documents issued by 92 countries (1962–2024), the approach produces re-
liable, continuous measures of interstate posture that closely track but also mean-
ingfully diverge from traditional benchmarks such as alliance portfolios and UN
voting patterns. This methodological contribution provides scholars with a replica-
ble tool for extracting conveyed relationships from a wide range of political texts,
enabling new insights into the articulation of political relationships.
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1 Introduction

Who do political actors talk about and how? Many social science theories concern relational

signaling, where actors convey the importance of other actors and their orientation toward

them. However, this has proven difficult to measure because signals of the nature of rela-

tionships is often embedded in actors’ communication with each other, motivating scholars to

instead rely on indirect material behaviors that suggest certain actors are important or that

the relationship with that actor is conflictual versus cooperative. This problem is particularly

pronounced in international relations, where scholars rely on coarse metrics of political rel-

evance and foreign policy alignment that have little temporal or spatial variation and that

require assumptions about other motivations for those actions that may complicate their in-

terpretation. Political relevance is assumed to be driven by geography and great power status

which vary little over time, even as researchers suspect (and posit) that the international ac-

tors a states considers relevant to its foreign policies likely spans the globe in varying degrees.

And although there are measures for interstate alignment like alliances and rivalries as well as

measures of foreign policy similarity, methods for estimating non-reciprocal affinities as well

as how states themselves communicate those alignments is lacking.

To understand how actors themselves communicate the importance of others and their orien-

tation toward them, we need a measure that captures both the intensity and directionality of

those relationships. For example, the credibility of alliance commitments relies on the protege

state believing that the patron has sufficient interest in the protege’s security to risk conflict

for the protege’s sake (Fuhrmann and Sechser 2014). To know if states communicate changing

relations in real time requires identifying that change in intensity and direction using indicators

that states themselves observe.

The lack of estimates for this is attributed to the difficulty in measuring how actors themselves
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signal relationships, as most attention in international relations has been focusing on signaling

interests and related dimensions like intention, capability, and resolve (Fearon 1994; Gartzke

et al. 2017; Min 2025). And scholars have largely used measures that states themselves

are unlikely to use, as behaviors like UN General Assembly votes and alliance ties serve other

purposes that make it unlikely states themselves use them as proxies for relational signaling.

This paper develops and validates a novel text-as-data method for measuring interstate rela-

tions from political texts. I take advantage of state-of-the-art artificial intelligence and machine

learning techniques using large language models (LLM) to measure how states communicate

the salience and affinity of interstate relationships in official public documents expressly writ-

ten for international audiences: National Security Strategies (NSS). The measure is derived

through a pipeline that integrates sentence-level segmentation, entity recognition, sentiment

analysis, stance detection, and best–worst scaling calibration. Applied to a new corpus of

438 national security strategy documents issued by 92 countries (1962–2024), the approach

produces reliable, continuous measures of interstate posture that closely track but also mean-

ingfully diverge from traditional benchmarks such as alliance portfolio similarity and UN voting

patterns. Furthermore, this measure predicts interstate crises and diplomatic visits better than

existing measures of foreign policy similarity, demonstrating that states themselves ‘code’ and

publicly broadcast their own sense of relevance and affinity beyond what scholars currently

capture with indirect proxies.

While computational text analysis is increasingly used in international relations to analyze

diverse texts (eg. Baturo, Dasandi, and Mikhaylov 2017; Carson, Min, and Nuys 2024), this

study’s unique contribution lies in its systematic operationalization and validation of affective

salience, extracting explicitly relational cues of salience and affinity from the specific genre

of strategic public state documents. Importantly, measuring salience and affinity from these

documents is not fully representative, as not all states write these documents and not in all
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years, and they are further limited to the context of national security. Nevertheless, this ap-

proach offers significant unique insights about how states themselves communicate interstate

relationships in a way that is not possible using existing measures. Moreover, the general-

izability of the methodological approach and data pipeline demonstrates how computational

text analysis can reveal patterns in how actors perceive and prioritize relationships over time.

A further methodological contribution is providing scholars with a replicable strategy for ex-

tracting conveyed relationships from a wide range of political texts, enabling new insights into

the articulation of political relationships.

I proceed as follows: first I review the literature on salience and affinity, focusing on existing

approaches in international relations where these concepts are contested, but reliable mea-

sures have emerged. Second, I explain how the NSS data are gathered, processed, structured,

and made publicly available as an independent empirical contribution to the study of state

communication. Next, I describe the modeling approach that produces new directed-dyad

year measures of salience, affinity, and affective salience. I then validate the estimates against

existing measures of political relevance and affinity. The next section applies the measure,

demonstrating that it predicts future conflict and cooperation better than existing measures.

The final section concludes with a discussion of ways this technique opens up new directions in

the study of social signaling and suggests future work to improve and extend the approach.

2 Measurements of Interstate Ties

Initially motivated by a concern about which interstate dyads constituted the most appro-

priate universe of empirical cases, much ink has been spilled both theorizing and measuring

what makes a state relevant to the security of another (Maoz 1996). The prevailing view

takes a gravity model approach assuming the opportunity and willingness of two states to
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undertake meaningful political engagement is a function of their geographic distance and ma-

terial power/status.1 Early work thought about geographic distance as some form of direct

or indirect contiguity (Weede 1976; Bennett 2006), minimum distance (Gleditsch and Ward

2001), capital-to-capital distance (Lemke 1995), or co-location in the same region (Small and

Singer 1982). Measures of material power and status similarly abound, with many arguing

a dyad is politically relevant if it contains a great power (Organski and Kugler 1980; Singer

1988; Maoz and Russett 1993) and others using more granular measures of force projection

like the Composite Index of National Capabilities (CINC) (Singer, Bremer, and Stuckey 1972)

or military spending (Kydd 2000).

Broadly speaking, existing research has considered affinity as potential or actualized threats or

partnerships. Despite being a bipolar scale, much work justifiably focuses on either the positive

or negative dimension of affinity to hone theoretical richness.2 Some scholarship has highlighted

historical instances of hostility and rivalries (Thompson 2001; Terechshenko 2020; Thompson,

Sakuwa, and Suhas 2021) while others identify and theorize formal alliances and similar forms

of defense cooperation (Leeds et al. 2002; Gibler 2009; Kinne 2020). Given the unavoidable

entanglement between positive and negative interstate relations, others have developed ways

to simultaneously measure the full spectrum of affinity using dyadic peace levels ranging from

serious rivalry to security community (Diehl, Goertz, and Gallegos 2021). The most common

measures of international affinity conceptualize it as foreign policy similarity measured using

alliance portfolios (Signorino and Ritter 1999; Chiba, Johnson, and Leeds 2015) or UN voting

1My aim is not to rehash debates about ‘politically relevant dyads’ here, nor to provide another reformulation
of what dyads share a propensity for conflictual or cooperative political interaction. For detailed evaluations
of various criteria for ‘political relevance’, see in particular Lemke and Reed (2001), Benson (2005), Bennett
(2006), Xiang (2010), and Braumoeller and Carson (2011). For extensions beyond the ‘political relevance’
framework, more tailored understandings include dangerous dyads (Bremer 1992), politically active dyads
(Quackenbush 2006, 2024), strategic reference groups (Maoz 2010), globally relevant dyads (Lee and Thomp-
son 2017), extra-dyadic linkages (Gartzke and Gleditsch 2022), and grievance dyads (Owsiak and Vasquez
2022). For the turn toward network-based models of political relevance see, among others, Maoz (2010),
Ward, Ahlquist, and Rozenas (2013), Dorff and Ward (2013), and Cranmer and Desmarais (2016).

2This section is by no means exhaustive since, as is implied by its name, the entire field of international
relations is about variation in interstate relationships.
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patterns (Gartzke 1998; Bailey, Strezhnev, and Voeten 2017).

These measures are widespread for good reason; the data have been carefully collected, they

often have broad geographic and temporal scope, and findings using these data are consistent

with much of what scholars intuitively suspect about international interactions. But while

empirically tractable, these approaches tend to assume symmetry, relative temporal stability,

and/or are often binary or ordinal measures that make more nuanced distinctions between

observations challenging.3 In reality, some allies may be indispensable while others are periph-

eral; some rivals dominate security planning while others are ignored. Given the binary nature

of measures of political relevance, it is primarily used as a methodological scoping condition

rather than something that calibrates the intensity of expressed affinities. Furthermore, states

themselves do not produce these datasets and it is unlikely that government decisions are

influenced by how interstate relations are coded by scholars. So, indirect scholastic measures

of how states relate to each other captures something similar, but not identical, to how states

communicates their relations to each other.

3 NSS Corpus

I define an NSS as a public text written by a state outlining aspects of their foreign policy

pertaining to security and defense. These documents matter; they do guide and describe

national security decisions by connecting ends and means and by conveying intended national

security priorities (Caudle 2009; Ettinger 2017). Policymakers invest significant resources in

their production and attend closely to those issued by others, in part because these documents

3All these shortcomings do not apply to every measure. UN voting patterns do exhibit temporal variation,
but have been criticized for masking strategic abstentions (Bailey, Strezhnev, and Voeten 2017), inflating
consensus (Häge and Hug 2016), and statistical difficulties accounting for chance agreement (Häge 2011).
Alliances have well established observable differences in their depth, reliability, and reliance (Mattes 2012;
Alley 2021; Gannon 2025). Rivalries are similarly distinguished as being “lesser” or “severe” (Diehl, Goertz,
and Gallegos 2021) and in terms of their cause (Thompson, Sakuwa, and Suhas 2021).
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exist to be appraised and scrutinized by foreign audiences (Snider and Nagl 2001; Mohr et al.

2013; DuMont 2019). These texts are intended to provide relational insight, functioning “as

strategies for relating enemies and allies” (Burke 1941, 304). Indeed, because threat assessment

itself is “at its heart, a form of storytelling,” NSS documents serve as one of the primary

vehicles for such narratives (Krebs 2015, 16). These characteristics explain why, “if any words

matter, the words in [national security strategy documents] do” (Chin, Skinner, and Yoo

2023, 104). The corpus can thus be thought of as a sample of public documents in which

states communicate the importance of other international actors and their orientation toward

them.

The first stage involved compiling 438 NSS documents (1962–2024) from 92 states via online

government archives, think tank repositories, and multilingual secondary databases, building

on efforts by Becker and Malesky (2017), Razeto and Jenne (2021), Becker et al. (2024),

and Neal and Gardner (2025). Metadata was also collected to inventory the document name,

issuing country, year of publication, and language of publication. In cases where the document

was a specific document subcategory like a cybersecurity strategy or budget outlay that was

also recorded.

In the second stage, I convert the pdf files to markdown and plaintext format using

PyMuPDF4LLM (Smith 2023; McKie 2024) and Marker (Paruchuri 2024). This conversion

process preserves formatting markers demarcating natural linguistic boundaries like headings,

paragraph breaks, lists, and the location of images and tables to maintain context provided

by the structure and order of the documents. The csv version of the data is thus formatted

with each page of the pdf as a distinct row and columns providing the markdown text as

well as identifier information about the country, year, document name, and page number.

This then allows each NSS to be separated into textual segments (chunks) using an MPNet

tokenizer from ‘sentence-transformers/all-mpnet-base-v2’ (Song et al. 2020).4

4The alternatives to chunking often pre-process texts, which fails to retain contextual information (Lahoti,
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The result is a dataset of NSS documents in pdf, plain text, markdown, and csv format that

can be viewed and downloaded in bulk or individually at (REDACTED URL). The code used

to convert the documents is also provided there so that future improvements in text processing,

particularly in non-English languages and of non-Latin characters, can use the existing corpus

as a benchmark for measuring improvements.

The full processed and machine-readable corpus is made available so future research can ex-

amine the issue-specific documents, compare security strategies issued by different agencies

within a government, and study the degree to which non-English language or non-Latin char-

acter documents systematically differ in how they are processed. But as a note of caution, the

comparability of these documents across space and time must be theoretically informed by

knowledge of the document’s specific context and the research question being explored (Stol-

berg 2012). Not all states produce these documents, and those that do often do so in some

years, but not others. This could occur because a state produces these documents at regular

temporal intervals like once per administration, because of strategic reasons to keep such in-

formation secret, or because a state has insufficient bureaucratic capacity to produce them (or

even insufficient concern for international security). Alternatively, states may produce more

than one type of NSS and may even do so in the same year.5

To ensure comparability across texts, I focus on the NSS for the U.S. as “the only complete

whole of government national security document that the U.S. Government publishes” (Stol-

berg 2012, xi) and make similar choices for other states when more than one document exists

for a given year. While acknowledging the significant diversity in state capacity, political

systems, and bureaucratic traditions that shape these documents, this study proceeds on the

Garimella, and Gionis 2018; Burnham 2024; Overbeck et al. 2025) and has recognized biases when used
with the more advanced computational models used here (Palomino et al. 2017; Denny and Spirling 2018;
Miyajiwala et al. 2022).

5For example, the United States publishes a National Security Strategy (NSS) as its primary document, but
also publishes a National Defense Strategy (NDS), National Military Strategy (NMS), Nuclear Posture
Review (NPR), National Homeland Security Strategy (NHSS), and National Intelligence Strategy (NIS).

8



premise that when states choose to publicly issue a formal ‘National Security Strategy’ or

equivalent high-level defense White Paper, they are engaging in a broadly similar type of

strategic communication aimed, at least in part, toward international audiences. The core

function of articulating security priorities and framing key relationships is assumed to be a

common denominator, though the specific nuances and emphases will vary.

Consequently, the indices of salience and affinity that constitute the remainder of this paper are

calculated using only English-language NSS documents that represent a ‘whole-of-government’

security strategy most analogous to the U.S. NSS; issue-specific national security documents

like those concerning only cyber defense or budget outlays are excluded. The majority of

NSS documents are published in English, as it often serves as a lingua franca for international

diplomatic communication and states issuing an English version of their NSS likely intend it for

a broad international audience. And methodologically, while multilingual LLMs are advancing

(Waight et al. 2025), achieving high fidelity across languages using the computational models

used here presents significant challenges, and ensuring comparable measurement quality across

languages for the indices of interest is a substantial undertaking beyond the scope of this

study.

4 Using NSS to Measure Salience and Affinity

For each state in the Correlates of War Project (2017) state membership list, I create a list of

aliases and synonyms that include variations of the country name, capital city, and demonyms.6

I then use these lists to identify the chunks in the NSS documents where at least one non-self

6States may reference each other indirectly (e.g. ‘our northern neighbor’) or as collectives (e.g. ‘our European
allies’). Given the number of texts, possible references, and ambiguity about appropriate inclusion involved in
properly coding such references, I here only include direct country-to-country references. Future work using
more advanced NLP techniques and area-specific knowledge could provide additional coding for country-
region and country-institution references and study the conditions under which states use intentionally
ambiguous references like euphemisms or amalgamations.
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state is mentioned. The chunks are then pruned into sentences using spaCy’s sentence tokenizer

to identify sentences where State B is mentioned as well as the sentence immediately before

and after that reference (Montani et al. 2023). This process allows me to identify all mentions

of each state in the NSS documents and their immediate semantic context.

Applying text-based machine learning techniques to this processed data, I produce a continuous

directed dyad-year measure of salience and affinity from each issuing state toward each target

state referenced in the issuing state’s NSS (n = 14,789). The measures of salience and affinity

describe the target state’s prominence and the issuing state’s expressed evaluative orientation

toward that target state in the issuing state’s NSS document, defined as follows:

1. Salience: This reflects the prominence of the target entity within a specific context

indicating the degree to which the target entity occupies the issuing entity’s attention

and is judged relevant to their considerations or objectives. Specifically, salience is the

prominence of a target state within an issuing state’s NSS document.

2. Affinity: This denotes the evaluative orientation – positive, negative, or neutral – publicly

expressed by a communicating entity toward a target entity. Specifically, affinity is the

communicating alignment or misalignment of interests between the issuing state and the

target state.

This procedure is summarized in Figure 1 and explained in the sections that follow.
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Figure 1: Components of affective salience and their measurements.

4.1 Salience

First, I measure the salience of a target entity in the issuing state’s NSS text chunks using

two indices that are commonly used both independently and in combination in computational

models of search engine optimization (SEO) and salient named entity extraction (SNEE); first-

mention and entity-frequency (Dunietz and Gillick 2014; Wu et al. 2020; Grönberg 2021).7

First-mention is the document chunk index 𝑚𝑒 for each target entity 𝑒 where it is first men-

tioned. I then identify the total number of chunks 𝑁 where at least one entity is mentioned

and invert and normalize the measure as 𝑆first = 𝑁−𝑚𝑒+1
𝑁 so that entities mentioned in the

first chunk have a score of 1 and entities mentioned in the last chunk 𝑚𝑒 = 𝑁 have a score

strictly greater than, but approaching zero.8 This normalization adjusts for the fact that NSS

7Other salience detection models like SWAT (Ponza, Ferragina, and Piccinno 2019), SEL (Trani et al. 2018),
and transformer models (Asgarieh, Thadani, and O’Hare 2024; Bullough et al. 2024) can achieved higher
precision and recall, but produce only binary outputs and are very sensitive to fine-tuning, impacting
replicability and external validity (Bhowmik et al. 2024).

8An alternate measure using 𝑆first = 𝑁−𝑚𝑒
𝑁 would mean that states first mentioned in the last chunk of a text

would have a first-mentioned score of 0. The use of 𝑚𝑒 +1 allows me to differentiate these states from those
that are not mentioned at all, as the latter are more appropriately measured as having a salience of 0 than
the former. The notation that follows assumes that non-mentioned entities are ignored and then assigned a
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documents vary greatly in length and some states mention other actors frequently while others

mention other states infrequently.9

Entity-frequency is measured as the total number of chunks 𝑓𝑒 where entity 𝑒 is mentioned.

This is calculated as 𝑆freq(𝑒) = 𝑓𝑒
𝑓max

where 𝑓max is the highest number of chunks any single

entity appears in within that same document. This normalization similarly adjusts for the fact

that some issuing states mention many states in their NSS and others mention relatively few.

Because the data are processed in pruned chunks rather than individual words or sentences,

multiple references to a country within the same contextual chunk do not bias the measure.

First-mention and entity-frequency are both bounded 𝑥 ∈ (0, 1] with higher values indicat-

ing higher salience. Salience is then measuring by linearly combining both components as

𝑆salience = 𝛼𝑆first + (1 − 𝛼)𝑆freq where 𝛼 = 0.5 is a hyper-parameter equally weighing the two

components and maintaining the original scale. This reflects the theoretical assumption that

both initial prioritization and sustained attention contribute equally to a state’s communicated

strategic focus within these documents.10 Whereas political relevance is typically operational-

ized by scholars as a binary property, salience here represents a continuous, directed measure

of stated importance from one state toward another.

4.2 Affinity

Second, I measure affinity, the affective position expressed toward a target state. Although

many computational text analysis models have used sentiment to measure attitude toward

score of 0 if it is a recognized COW state in that year.
9This approach implicitly assumes that the relative position within a document (e.g., appearing halfway

through) carries similar weight regardless of absolute document length, effectively normalizing for reader
attention across documents of varying sizes. While well-resourced state apparatuses might scrutinize entire
documents meticulously, the attention of broader audiences or analysts in less critical dyads might indeed
wane with document length. This assumption is a simplification, and alternative normalization schemes
could be explored in future research.

10For robustness, I also calculate, and then similarly scale a multiplicative combination 𝑆salience = 𝑆first × 𝑆freq
which provides a higher penalty for low values on either dimension.
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an entity, more recent work has demonstrated that sentiment conveys something sufficiently

distinct from stance that the former cannot accurately proxy for the latter (Mohammad et al.

2016; Rauh 2018; Boukes et al. 2020; Chan et al. 2021; Küçük and Can 2021; van Atteveldt,

van der Velden, and Boukes 2021; Bestvater and Monroe 2023). For example, consider the

following hypothetical sentences:

1. “The death and destruction in Ukraine is a unprecedented tragedy.”

2. “It is an unprecedented tragedy that individuals from both Russia and Ukraine have expe-

rience death and destruction in the ongoing conflict.”

3. “The war in Ukraine should end.”

Sentences (1) and (2) both using similar emotionally charged language that would be coded

similarly by sentiment analysis, but the stance toward Ukraine is positive in sentence (1)

and neutral in sentence (2). Like sentence (1), sentence (3) also expressed a positive stance

toward Ukraine, but less intensively so. This illustrates how emotional valence (sentiment)

has difficulty capturing entity relations (stance) because it is not synonymous with support,

opposition, or indifference. Similarly, measures of support, neutrality, or opposition toward

a target entity (stance) produce only binary measures that do not capture the intensity of

that expression (sentiment) and consequently cannot be easily aggregate across multiple text

segments in a way that produces continuous values with measurement uncertainty. To remedy

these limitations, I calculate affinity using a novel combination of sentiment and stance.

For sentiment, the evaluative language concerning a target state is processed using VADER, a

well-established rule-based sentiment analyzer (Hutto and Gilbert 2014). In this context, ‘sen-

timent’ refers to the positive, negative, or neutral evaluative orientation of the language used,

rather than an imputation of a collective emotional state to the entity issuing the document.

VADER assigns an initial continuous score 𝑥 ∈ [−1, 1] for each text chunk mentioning a given

target state.
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Then, stance is measured by leveraging recent advances in few-shot learning and target-aware

opinion classification to capture sentiment directed toward a distinct entity rather than the

overall affect conveyed in a text chunk (Biber and Finegan 1988; Du Bois 2007; AlDayel and

Magdy 2019). In the context of NSS documents, the issuing state conveys a stance toward a

target state which may be distinct from the general sentiment being expressed in that particular

document chunk. This form of stance detection is done using natural language inference

(NLI), also known as textual entailment, which uses language models as pre-trained universal

classifiers to identify the stance of a text toward a particular entity (Burnham 2024).

Stance is detected using a fine-tuned classification model defining a directional relationship

between a text 𝑇 and a hypothesis 𝐻 about whether a human reading the text 𝑇 would infer

that hypothesis 𝐻 is true (A. Wang et al. 2020; AlDayel and Magdy 2021; Burnham et al.

2024; Laurer et al. 2024).11 In this context, the model calculates a stance classification as

a Boolean response to the proposed hypothesis 𝐻 that the issuing state’s stance toward the

target state is positive, negative, or neutral. Given the Boolean output, the model is run

separately for each hypothesis 𝐻 (positive, negative, and neutral) and the classification with

the highest probability is selected. These results produce a stance score 𝑥 ∈ {−1, 0, 1}, for
each target state in each chunk.

To return to the previous example, assume an NSS text chunk 𝑇 states ‘The death and

destruction in Ukraine is a unprecedented tragedy’. After the previous step in the data pipeline

identified each target entity in the text chunk (in this case, only Ukraine), the language model

is asked to classify the author’s stance toward the target entity Ukraine. The first step proposes

the hypothesis 𝐻, ‘the author of this text expresses support or alliance with Ukraine’. Based

11Further technical details are provided in the appendix but in brief, I employ a few-shot classification approach
by fine-tuning an LLM (Political DEBATE, based on DeBERTa V3) on a small set of hand-coded document
excerpts from the corpus through active learning (Burnham et al. 2024). The out-of-sample predictions
for the fine-tuned model achieve a Matthews Correlation Coefficient of 0.925 and an accuracy of 0.962. For
similar work using active learning to fine-tune models like RoBERTa to a specific local task, see Bonikowski,
Luo, and Stuhler (2022) and Card et al. (2022).
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on its reading of the text chunk, the model would classify the hypothesis as ‘true’ with a given

probability. The classification is repeated with the negative and neutral hypotheses and from

those three the one with the highest probability is selected.

This appropriately captures the semantic relationship between the expression and target in

a directional manner composed of an evaluated recognizable objective 𝐻, an expression 𝑇
containing a positive, negative or neutral evaluation, and a true/false relation that attributes

the expressed valuation to the object in question (Fogel-Dror et al. 2019; Overbeck et al.

2025). Put more plainly, what this does – and sentiment analysis alone does not – is identify

an expressed stance toward a target entity even when the general sentiment in that text is

incongruent with the sentiment toward the specific target entity or when the general sentiment

provides no information about the author’s stance toward the target entity.

The sentiment and stance detection values are then combined to produce the baseline measure

of directed dyad affinity. First, I calibrate the sentiment scores for each target entity in each

text chunk by aligning their valence with the predicted stance: support/alliance predictions

become positive, threat/rival predictions become negative, and neutral predictions remain

unchanged. This adjustment accounts for cases like the sample sentences (1) and (3) where

emotionally charged words appear in contexts contrary to their typical connotation. I then

scale the scores into three distinct ranges: negative stances are 𝑥 ∈ [−1, −0.5], neutral stances
are 𝑥 ∈ (−0.5, 0.5), and positive stances are 𝑥 ∈ [0.5, 1]. This scaling preserves the categorical

stance information while allowing for differences in intensity within each category. The values

are then averaged across all chunks for a given target state, producing a continuous value

𝑥 ∈ [−1, 1] reflecting both the direction and strength of the affinity.

I refine these baseline estimates of affinity by incorporating a gold-standard calibration process

using Best-Worst Scaling (BWS), a survey method that produces reliable comparative rankings

using human annotation (Finn and Louviere 1992; Louviere 2015; Kiritchenko and Mohammad
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2016, 2017). In this BWS task, human coders were presented with randomized sets of four

text chunks, each mentioning a specific target state. For each set, they were asked to identify

the chunk expressing the most positive and the chunk expressing the least positive evaluative

language toward the identified target state.12 This method generates multiple pairwise com-

parisons, yielding reliable relative rankings of evaluative language across the corpus which are

then used to calibrate the computationally derived affinity scores to the specific nuances of this

unique corpus using design-based supervised learning (DSL). This method reduces potential

biases produced by the initial general-purpose models and calibrates the affinity scores to the

specific corpus in question (Egami et al. 2024b, 2024a).

Together, these innovative measurement strategies allow for a more comprehensive and nu-

anced analysis of how actors express relationships. The salience detection method provides

a novel way to quantify the relative importance of different targets in an actor’s strategic

discourse and the fusion of sentiment analysis with stance detection allows for a more fine-

grained understanding of how actors express relationships beyond simple positive or negative

categorizations.

4.3 Affective Salience

Finally, I combine the indices of salience and affinity to produce a single measure of affective

salience: the intensity and valence of a state’s expressed posture toward another state. This

measure is calculated as 𝑆affective = 𝑆salience × 𝑆affinity ∈ [−1, 1] with higher values indicating

higher affective salience.13 Put more concretely, this measure identifies the centrality conveyed

about a target state and how the issuing state feels about the target state, with more extreme
12Coders were given the target state to code for the particular entry (as some text chunks mention more than

one state) and instructed to make their evaluation using only information in the chunk. Further details on
the BWS implementation and inter-coder reliability are provided in the Appendix.

13This multiplicative approach means that extremely high and low affective salience typically requires a target
state to be both highly salient and strongly positive/negative in affinity. A low score on either dimension
will commensurately reduce the overall affective salience.
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values indicating more intense affective salience and values closer to 0 indicating the target state

is relatively peripheral and neutral. This measure is particularly useful for identifying cases

where a state is highly salient to another state but the affective valence of that relationship

is low, or vice versa. For example, a state may mention another state frequently in its NSS

documents but express negative sentiment toward that state, indicating that the relationship

is characterized by intense rivalry or hostility. Conversely, a state may mention another state

infrequently but express positive sentiment toward that state, indicating that the relationship

is characterized by a middling degree of support or alliance.

5 Validation

5.1 Face Validity

To illustrate the face validity of the measures of salience and affinity, Figure 2 shows the scores

for states mentioned in the U.S. NSS issued during the first Trump administration (2017) and

the Biden administration (2022). The data are consistent with the first Trump administration’s

“America First” strategy warning of competition with great powers like Russia and China and

rogue states like Iran and North Korea as well as his dissatisfaction with U.S. allies in Europe

(Landler and Sanger 2017). This is contrasted with President Biden’s 2022 NSS that identified

US security priorities as long-term competition with China, an immediate threat from Russia,

and a stronger emphasis on positive multilateral ties with traditional U.S. allies like the United

Kingdom, India, and Japan (McDonald 2023). And although the affinity expressed toward

Ukraine is positive in both documents, Ukraine’s salience in the 2022 NSS (0.77) is much higher

than in the 2017 NSS (0.21), reflecting a shift in how the US communicated the importance

of Ukraine in its national security discourse as well as the reality on U.S. involvement in the

conflict.
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Figure 2: Affinity and salience scores for states mentioned in the US NSS. Colors refer to each
state’s value for affinity. Closely clustered states are unlabeled to simplify visual
interpretation.

Figure 2 also visually demonstrates that while not strictly orthogonal, salience and affinity

measure different dimensions: states with high, medium, and low salience scores can be found

across the spectrum of affinity values.14 Notably, some states exhibit high or low affinity

despite having a relatively low salience score (e.g., values clustering near zero on the salience

y-axis but on the tails of the salience y-axis), suggesting the US conveys strong alignment or

animosity, but not much concern for the centrality of those states in its security policy.

As a second example of face validity that sheds light on the weights of the individual measure-

ment components, Table 1 provides an illustrative example from Ukraine’s 2017 NSS of both

measures as well as their inputs for the 10 highest salience states. Not surprisingly, Russia is

the most salient state in Ukraine’s NSS, as it is the second country Ukraine references (imme-

diately after Belarus) and it is also mentioned much more frequently than any other country.

14In the full sample, the correlation between salience and the absolute value of affinity is -0.02. The distribution
of affect and salience scores across the entire population is provided in the Appendix.
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Table 1: Sample of measures for Ukraine (2017) showing the 10 countries with the highest
salience. Higher values indicate higher values for all columns. The theoretical range
of salience values is [0, 1] and for affinity values is [-1, 1].

Salience Affinity Affective Salience
Target Country First Mention Entity Frequency Salience Sentiment Stance Affinity
Russia 0.99 1.00 1.00 -0.02 -0.94 -0.78 -0.77
Poland 0.92 0.78 0.85 0.68 0.43 0.55 0.47
United Kingdom 0.97 0.61 0.79 0.70 0.36 0.53 0.42
United States 0.88 0.56 0.72 0.60 0.60 0.60 0.43
Lithuania 0.92 0.44 0.68 0.67 0.38 0.52 0.36
Belarus 1.00 0.28 0.64 0.51 0.40 0.45 0.29
Germany 0.77 0.44 0.61 0.31 0.50 0.40 0.25
Norway 0.86 0.33 0.60 0.88 0.83 0.86 0.51
Denmark 0.95 0.17 0.56 0.37 0.00 0.18 0.10
Netherlands 0.97 0.06 0.51 0.76 1.00 0.88 0.45

The U.S., by comparison, is in the 88th percentile of the first-mention input, and Ukraine men-

tions the U.S. approximately half as often as it mentions Russia. Ukraine expresses negative

affinity toward Russia and positive affinity toward the U.S. and other European states with

notable variation across the positive cases.

5.2 Construct Validity

Second, I validate the measures by showing their correlation with existing measures of salience

and affinity. Theoretical expectations posit that states should signal more positive affinity

toward states with which they share common security interests, as arrangements like defense

alliances are, in part, a means to “document, advertise or encourage such an affinity” (Gartzke

and Weisiger 2013, 25). I calculate the distribution of the NSS affinity index across three cate-

gorical measures of alignment: formal defense pact membership (Leeds et al. 2002), strategic

rivalries (Thompson, Sakuwa, and Suhas 2021), and peace levels (Diehl, Goertz, and Gallegos

2021).
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Figure 3: Distribution of the NSS affinity index across varying levels of existing measures
of affinity. Vertical lines represent median values. Dyads without significant and
ongoing interactions are coded in the peace level data as NA.

The results in Figure 3 show dyads in an alliance have, on average, a higher NSS affinity

than dyads without a defense pact, and that dyads composed of strategic rivals have a lower

NSS affinity than dyads that are not strategic rivals. Interestingly, the five ordered categories

in the peace level data show a clear and consistent positive correlation between peace levels

and NSS affinity until the highest peace level – ‘security community’ – which has a median

NSS affinity higher than ‘negative peace’ but lower than ‘lesser rivalry’. Many of the security
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community dyads are composed of states with shared EU membership that otherwise have

little active or relevant security cooperation with one another, and may consequently have

less intensely positive expressions toward each other in their NSS documents. Alternatively,

deeply integrated security communities with highly institutionalized security cooperation may

be largely taken for granted, lessening the perceived need to performatively emphasize positive

affinity and reserving stronger positive framings for relationships where deeper cooperation is

being more actively cultivated (Gannon and Kent 2021).

Next, I identify the correlation between signals of affinity in NSS documents and the most well-

regarded measures of foreign policy similarity: kappa corrected s-score measures of alliance

portfolio similarity and UN voting patterns.15 Conveyed affinity have a positive and statis-

tically significant correlation with both measures (alliance portfolios = 0.14 and UN voting

= 0.09).16 For comparison, the correlation between alliance and UN voting kappa corrected

s-scores is 0.39. States publicly signal warmth toward others in patterns similar, but not iden-

tical to, what one would assume given similarity of defense partners and UN General Assembly

voting patterns.

6 Application

I model the association between affective salience and two well-regarded indicators of higher in-

tensity interstate engagement: the onset of international crises and the frequency of diplomatic

visits. Using two different dependent variables that capture distinct types of state interaction

15I use the kappa chance-corrected versions of the s-scores (Cohen 1960; Häge 2011), but a full table of
correlations using pi-corrected, binary, or weighted un-corrected measures as well as using COW rather
than ATOP alliance data is provided in the appendix.

16These correlations are calculated for directed dyad-years where the salience of State B > 0. Dyads with no
mention (and thus no NSS affinity score) are necessarily excluded from this specific comparison, as non-
mention primarily speaks to a lack of expressed salience rather than the affective tone of a relationship that
is discussed.
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– one conflictual and the other cooperative – produces a symmetrical test of whether the rela-

tional logic signaled in NSS documents predicts future behavior. I use the directed dyad-year

as the unit of analysis, lagging affective salience by a year. The crisis onset variable is a binary

indicator drawn from the International Crisis Behavior (ICB) dataset identifying whether the

issuing state and the target state are on opposing sides of a newly initiated international cri-

sis.17 Diplomatic visits is measured as the annual count of official high-level visits between

heads of state or government using the Country and Organizational Leader Travel (COLT)

dataset (Moyer et al. 2025).

I fit logistic regression models to predict crisis onset and Poisson regression models to predict

diplomatic visits. All models include control variables associated with each outcome in existing

literature: CINC ratios of military power for crisis onset (Singer 1988), whether either state

is a great power for diplomatic visits (Lebovic and Saunders 2016), and capital to capital

distance and shared regime type for both (Markowitz and Fariss 2018). To benchmark the

model performance, I also compare the models with affective salience to other models instead

using kappa-corrected alliance portfolio and UN voting s-scores.

The results, presented in Table 2, demonstrate a statistically significant association between

affective salience and future high intensity state interactions.18 Dyads with more positive

affective salience are less likely to experience a subsequent crisis onset (Model 1) and engage in

more high-level diplomacy (Model 4). TThough relatively low-cost, these public performances

convey meaningful information about how states anticipate and structure their international

relationships.

In contrast, the traditional alignment measures perform unevenly. Alliance portfolio similar-

17A crisis is defined as an international event with hostile interactions and a heightened probability of military
escalation (Brecher and Wilkenfeld 1997, 4–5; Brecher et al. 2023).

18Coefficients for the control variables are omitted here, but provided in the appendix, to avoid misinterpretation
since confounders for the controls variables are not included in the model (Keele, Stevenson, and Elwert
2020; Dworschak 2023).
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Table 2: Coefficient estimates for regression models.

Crisis onset Diplomatic visits
(1) (2) (3) (4) (5) (6)

Affective salience 0.006** 1.306**
(0.005) (0.070)

Alliance portfolio s-score 2.567 0.581**
(1.631) (0.050)

UN voting s-score 0.040** 0.037
(0.040) (0.044)

Num.Obs. 8790 8790 8790 8528 8528 8528
AIC 242.8 275.2 263.1 15979.6 16185.1 16319.6
BIC 278.2 310.6 298.5 16014.9 16220.4 16354.9
RMSE 0.05 0.05 0.05 0.96 0.97 0.97
R2 tjur 0.07 0.02 0.04
R2 Nagelkerke 0.36 0.34 0.32

+ p < 0.1, * p < 0.05, ** p < 0.01
Models 1-3 are logistic regression with odds ratios. Models 4-6 are Poisson regression
models. Full model results including control variables are provided in the appendix.
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ity is positively associated with future diplomatic visits, but not significantly predictive of

future crisis participation. And UN voting similarity is a statistically significant predictor

of the likelihood of an impending international crisis, but shows no statistically significant

association with future diplomatic visits. Only affective salience performs consistently in

predicting both cooperative and confrontational state interactions. Additionally, the models

with affective salience demonstrate higher overall model fit demonstrated by lower Akaike

Information Criterion (AIC) and Bayesian Information Criterion (BIC) values than those re-

lying on the more traditional measures, indicating a better balance of explanatory power and

parsimony. Similarly, the root mean squared error (RMSE) values for affective salience are

equivalent or marginally lower, suggesting more accurate predictions of observed values, and

the model-specific 𝑅2 value are comparatively higher which indicates improved classification

performance.

Additional models provided in the appendix confirm that these results hold across alternative

specifications. I include bivariate models that avoid post-treatment bias and over-adjustment

(Clarke, Kenkel, and Rueda 2018; Montgomery, Nyhan, and Torres 2018; Dworschak 2023;

Hünermund and Louw 2025) as well as models with country, dyad, and year fixed effects to

account for unobserved spatial and temporal heterogeneity. Consistent results are found in

models with alternate dependent variable measures like Militarized Interstate Dispute (MID)

participation and diplomatic visits to and from the issuing country. The same is true in models

using panel-corrected standard errors (Beck and Katz 1995; Chiang and Sasaki 2023), lagged

dependent variables to adjust for temporal autocorrelation, and zero-inflated Poisson models

to account for the excess zeros in diplomatic visits.
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7 Conclusion

On the empirical and methodological front, the application of state-of-the-art computational

techniques to novel text data offers a robust framework for measuring the signaling of relational

hierarchies. I provide a unique form of evidence about who states want to publicly convey they

are thinking about and how. Existing indicators of foreign policy similarity, formal alliance

ties, and rivalries are consistent with how states themselves signal these affinities, even if the

traditional indicators offer coarser granularity. And finally, novel empirical results suggest

that the affective salience signaled in NSS rhetoric is a reliable indicator of future interstate

behavior, particularly in the context of international crises and diplomacy.

These data also offer a valuable opportunity to explore how states justify signals of affinity, as

such variation can be indicative of the perceived costs of hypocrisy (McManus and Yarhi-Milo

2017) or signals for a desire to deepen cooperation (Gannon and Kent 2021). Additionally, the

data may reveal whether individual heads of state influence the tone of bureaucratic documents

(Lupton 2020, 2024) and whether public opinion predates or follows from official public state-

ments about other states (Page and Shapiro 1983; Matush 2023), thereby linking elite rhetoric

and public opinion to broader patterns of international behavior. Further work could extend

the analysis to incorporate internal policy documents like President’s Daily Briefs (Goldfien

and Joseph 2023; Carson, Min, and Nuys 2024) or legislative debates (Kim, Londregan, and

Ratkovic 2018), thereby examining the divergence between public signaling and private delib-

erations (McManus 2016), or audience-specific public statements like diplomatic communiqués

(Connelly et al. 2021), international agreements (Baturo, Dasandi, and Mikhaylov 2017), and

diplomatic speeches in forums like the UN General Assembly (Finke and Risse 2024; Mitra

2024; Turco 2024).

Beyond international relations, this research contributes to wider debates about the relation-
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ship between public rhetoric and political behavior, demonstrating how computational text

analysis can bridge the gap between stated intentions and observable actions across domains

of political science. While I here theorize only affective salience, NSS documents and others

like them contain a vast array of other information that has been analyzed in other contexts

like the use (or non-use) of emotional and moral language (Hall 2015; Post 2023; Yoon 2025)

and different rhetorical devices like persuasion (Walsh 2005; Krebs and Jackson 2007) and

expressions of resolve (Trager 2010; McManus 2017).

The utility and consequences of LLM models to social science questions and methods is, and

will likely remain, the subject of ongoing discussion (Bisbee et al. 2024; Laurer et al. 2024; Y.

Wang 2024; Caballero and Jenkins 2025; Leo et al. 2025; Mens and Gallego 2025; Ornstein,

Blasingame, and Truscott 2025; Thapa et al. 2025). My approach expands upon recent

applications in political science of similar models for classification (Burnham et al. 2024),

dictionary creation (Häffner et al. 2023), event extraction (Arslan, Munawar, and Cruz 2024),

named entity recognition (Balluff, Boomgaarden, and Waldherr 2024), and stance detection

(Burnham 2024). Given the exciting speed at which advances in these techniques are occurring,

I have no doubt significant extensions will be feasible by the time this article is in print.
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