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Abstract

Media narratives wield tremendous power in
shaping public opinion, yet computational ap-
proaches struggle to capture the nuanced sto-
rytelling structures that communication theory
emphasizes as central to how meaning is con-
structed. Existing approaches either miss sub-
tle narrative patterns through coarse-grained
analysis or require domain-specific taxonomies
that limit scalability. To bridge this gap, we
present a framework for inducing rich narrative
schemas by jointly modeling events and charac-
ters via structured clustering. Our approach pro-
duces explainable narrative schemas that align
with established framing theory while scaling
to large corpora without exhaustive manual an-
notation.

) Code

1 Introduction

Media communicators actively shape the under-
standing of their audience by transforming mul-
tifaceted problems into digestible narratives and
focusing on certain dimensions while obscuring
others (Entman, 2003). This selective presentation
creates interpretative frameworks that both commu-
nicators and consumers rely on to navigate complex
information landscapes (Pan and Kosicki, 1993).
The resulting narratives do not simply describe real-
ity; they actively construct it by directing attention
to particular aspects of an issue while rendering
others invisible (Adams and Goffman, 1979).

The study of media narratives reveals more than
how messages are constructed; it exposes underly-
ing power structures and shows how public opin-
ion takes shape. When communicators use story-
telling techniques such as character roles (Mendel-
sohn et al., 2021) and conflict resolution constructs
(Frermann et al., 2023), they turn complicated is-
sues into simple narratives that guide the reader
toward specific conclusions (Crow and Lawlor,
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Sheriffs argued that increased immigration enforcement funding would
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Figure 1: Law enforcement spending framed as worker
protection versus government waste across policy do-
mains. Verbs are in bold. Objects are underlined. (Verb,
Object) tuples make up events. Causal markers are in
blue. Characters portrayed as heroes are highlighted in

green , while threats are highlighted in pink . Char-
acter groups are denoted in subscripts. The Economic
frame is from Boydstun et al., 2018’s Policy Frame-
work.

2016). This storytelling approach becomes par-
ticularly powerful when different groups compete
to define controversial topics. Analysis of these
communication strategies can help researchers un-
derstand how social movements build support, how
public debates develop, and how harmful stereo-
types become reinforced or challenged.

Natural language processing (NLP) approaches
to media analysis often focus on broad and coarse-
grained labels such as partisanship (e.g. left, right)
(Fulgoni et al., 2016) and topical media frames (e.g.
political, economic, security and defense) (Card
et al., 2015), or domain-specific taxonomies tai-
lored to particular policy issues such as immigra-
tion (Mendelsohn et al., 2021) and the economy
(Leto et al., 2024). While coarse-grained labels en-
able scalable annotation across domains, they tend
to overlook nuanced storytelling and thematic struc-
tures emphasized in communication research (Ent-
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man, 2003; Fairhurst, 2005). In contrast, domain2 Related Work
[ xonomi re ideological an I- : .
speci ¢ a onomies capture dg_o ogical and cu NLP Approaches to Narrative Modeling.
tural subtleties but lack the ability to generalize . .
: . R Chambers and Jurafsky, 2008's seminal work on
to other domains. This fragmentation limits con- . . . :
. . . . narrative schemas introduced unsupervised induc-
sistent narrative analysis across domains; bridg- ) .
. . . on of narrative templates, capturing coherent se-
ing these perspectives requires methods that bal-

ance scalability with interpretative depth, support—quences of typed event chains from raw text. This

ing rich, meaningful media analysis aligned with conceptualization of narratives gave way to neu-

. o o ral meth hat learned pr ical event se-
how narratives function in public discourse. al methods that leamed prototypical event se

. . gquences directly from tokenized text using different
In this paper, we present a framework that aims’_ =" ° .

L . variations of recurrent neural networks (Pichotta
to balance these two objectives (see Fig. 1). We

start with a bottom-up approach by identifying and Mooney, 2016), and multi-relational gra_lph ap-
events and their causal relations in text to form proaches where nodes represent events intercon-

event chains. We augment these chains withneCted through _typed edges re ecting temporal i
. : . . .. and causal relations (Lee and Goldwasser, 2019;
character-level information. That is, we identify

. . ; Lee et al., 2020). Complementing structural ap-
their narrative roles and assign them to character !
o proaches, Antoniak et al., 2024 framed the task of
groups. Subsequently, we cluster similar narra-

; . . . story detection as identifying sequences of events
tive chains using these character-role assignments . " . .
volving one or more entities, using theory-driven

. : |
as constraints. These role-based constraints enat}[é

: . L . eatures such as event presence and verb tense to
the separation of super cially similar narratives by . . o

. : , C > detect narratives across online communities.
revealing the underlying framing distinctions. This . .
. . . Character-centric modeling has also advanced

clustering process results in cohesive and semap-

tically nuanced narrative schemas that transcend rough data-driven benchmarks and neural archi-
y . L tectures. Brahman et al., 2021's LiISCU dataset
surface-level topical similarity.

established character identi cation and descrip-

. : ) T8 on generation tasks from literary summaries, trig-
tive schemas is a way to bring together the notion o, JeNeration tasxs from fiterary summaries, trig

of narratives from both a communication theorygering neural models that recover persona trais,

. . inter-character relations, and emotional trajecto-

and an NLP perspective. Communications scholar- .

. : ries (Brahman and Chaturvedi, 2020). Recent
ship treats a narrative as a culturally shared sens

making schema that guides how audiences inte?_haracter-sheet framework_s use Iarge language

. .-models (LLMs) for extracting question-answer
pret events (Fisher, 1985). NLP approaches In_airs and performing entailment validation to pop-
vert this perspective, building narratives bottom-upp P g Pop

from extractable atomic units. For examole. b ulate structured persona pro les - detailing goals,
) P'e, ybackground, dialogue style, and inferred motiva-

modeling events using predicate-argument Stru(fi_ons - enhancing accuracy in masked character
tures (Chambers and Jurafsky, 2008; Roth and Lap- 9 y

ata, 2015; Lee et al., 2020), and characters throug'f%mdlctIon tasks (Gurung and Lapata, 2024).
embeddings (Kim et al., 2018) or high-level de-Narrative Analysis for Media Framing. Inthe
scriptive summaries (Fokkens et al., 2018; Brahlast decade, most of the NLP work in media fram-
man and Chaturvedi, 2020; Gurung and Lapatdng has conceptualized frames as coarse-level top-
2024). While scalable, these pipelines reduce staes (Boydstun et al., 2018; Card et al., 2015; Naderi
ries to verbs, roles, and entities, seldom capturingnd Hirst, 2017; Ji and Smith, 2017; Field et al.,
the evaluative and ideological dimensions centra018; Khanehzar et al., 2019). More recently,
to communication theory. In contrast, we presenhowever, there has been increasing interest in un-
a uni ed approach that employs both event- andcovering narratives and narrative devices used in
character-centric modeling to construct high-levelnews articles. Many works have focused on analyz-
narrative schemas that capture broader framing ding the characterization of various entities (Card
mensions. This framework enables us to inducet al., 2016; Ziems and Yang, 2021; Frermann et al.,
narrative schemas at scale from arbitrarily large2023). Others focus on automatically identifying
corpora in a domain-agnostic manner, producingvents and the relationships between them (Zhao
structures that align with the con ict, evaluation, et al., 2024; Das et al., 2024). Practitioners have
and resolution patterns identi ed in media stud-also included entity information with additional
ies (Entman, 1993). article-level frame information for ner-grained



Figure 2: For a large scale news corpus, we rst construct narrative event chains and obtain character and role
annotations for them. We then cluster these narrative chains using the character and role information as constraints.
The generated narrative clusters are representative of ne-grained and nuanced narrative schemas.

analysis (Otmakhova and Frermann, 2025). To ouB.2 Constructing Narrative Chains

knowledge, this is the rst computational Work 10 \ye systematically construct narrative chains by
combine detailed character-level information W'thextracting events and causal relationships between

event-level information for a more comprehensiVeihem  and generating rich textual representations
view of media narratives. that capture these relations in context.

3 Inducing Narrative Schemas Extracting Events. We follow the convention of
representing an event as a tuple of predicate tokens

We present a multi-stage pipeline for inducing nar{verb) and their dependencies (object) (Granroth-

rative schemas from large news corpora (Fig. 2). Wilding and Clark, 2016). To extract event men-
tions from text, we use the ETypeClus frame-

work (Shen et al., 2021). To nd verb and ob-
ject heads in sentences, we use an off-the-shelf
Narrative schemas represent a fundamental condependency parseand select all non-auxiliary
cept in computational narrative understanding thatverb tokens. Next, we nd the corresponding ob-
goes beyond simply organizing story elementgect head for each candidate verb based on whether
While event schemas primarily focus on extractthe sentence is in active or passive voice. We then
ing sequences of actions and their temporal relgrocess the entire corpus to extract a list of all
tionships (Chambers and Jurafsky, 2008, 2009gvent ) (verb; object)  mentions in each article.
narrative schemas function as information compres-

sion systems that encompass the broader evaluatife<tracting Causal Relations.  We adapt the ap-
and social dimensions determining why certain stoP"0ach proposed in DAPrompt to extract causally

fies gain cultural signi cance, in uence speci c related pairs of events in each article (Xiang et al.,

communities, and serve as vehicles for social ur¢023)- The method works by rst assuming a
derstanding (Piper, 2023). causal relationship between a pair of events and

then evaluating the validity of the assumption via
schema induction as the automatic discovery an rompting. The ”.‘Ode' receives as Input t'he sen-
ences that contain events, their surrounding con-

extraction of culturally and socially important nar- . .
. . text, and the assumption template. We provide up
rative schemas from large-scale, domain-agnostic )
. . ; to 50 tokens left and right of each event sentence.
text corpora with minimal manual annotation or

supervision. "We use the Spacy en_core_web_Ig model.

3.1 Task De nition

We de ne the computational task of narrative



Causal Narrative Chain Verbalization and Character Roles
Mayor Lou BarlettgpoLiticians) introduced a law that withholds permits
((withhold, permit), CAUSAL, (introduce, law)) from companies hirincillegal immigrantsymmicranTs) in response to
concerns over illegal immigration in Hazleton.
The New York law's failure to exemp police jLaw enForcemenT] from the
((exempt, police), CAUSAL, (turn, police)) magazine ban caused them to become criminals when carrying standard
rearms, as noted b Mayor Michael Bloombergeoy micians]-

Table 1: Examples of causal narrative chain verbalizations and their character role annotations. Characters portrayed
as heroes are highlighted green, threats are highlighted i pink , and victims are highlighted i yellow .
Character groups are denoted in subscripts.

To obtain training labels for our target datasetsand “law enforcement”. These expected groups
we prompt an instruction-tuned Llama 3.3 70Bserve as initial centers for the k-means clustering
model (Dubey et al, 2024) on 20,000 sampledalgorithm. We then use k-means to divide the list
event pairs. We distill this knowledge by training of characters into a xed number of clusters. Fi-
DAPrompt on the resulting silver standard labelspally, we manually label the character clusters to
enabling ef cient inference while approximating obtain the nal list of character groups present in
the teacher model's performance. We restrict inthe given corpus for each domain. Note that this
ference to event pairs within two sentences. Thisnanual annotation process is quick, as we only
step yieldgevent, causal, event) tripletsthat need to provide labels at the cluster level. See App.
capture the causal relationships within each articlé for details. Prompts are included in App. L.4.

Prompts are included in App. L1 and L.2. Assigning Character Roles. We recognize that

Verbalizing Causal Narrative Chains. To trans- effective narrative analysis requires the systematic
form extracted triplets into rich textual representacharacterization of characters according to their
tions, we use the DeepSeek-R1-Distill-Llama-70Barchetypal roles within causal sequences. We adopt
reasoning model in a zero-shot setting (DeepSeefahanahan etal., 2011's narrative policy framework
Al, 2025). We provide the model with the source@nd explicitly model heroes (agents that drive posi-
article along with its domain and the correspondingfive outcomes), threats (characters that create con-
narrative chain triplet. The model is instructed to ict or harm), and victims (those who suffer conse-
generate concise sentences that coherently enc&plences) as a means of understanding the structure
sulate the underlying causal event sequences. Tid meaning of the narrative. Identifying these
model is then instructed to incorporate all relevanfoles is essential for modeling narratives, as it cap-
characters who participate directly in the narrativelures the moral and functional positioning of actors
chain. The prompts are included in App. L.3. Ex-Within our causal sequences, as shown in Fig. 1.

amples of verbalizations are shown in Tab. 1. To identify all characters and their roles, we
draw inspiration from (Stammbach et al., 2022)
3.3 Extracting Characters and Roles and prompt the DeepSeek-R1-Distill-Llama-70B

To enhance our narrative representations, we ef€as0ning model in a zero-shot setting (DeepSeek-

tract the characters relevant to each narrative chainth 2025). We provide the model with the source

and determine their respective narrative roles in th@'ticle along with its domain and the correspond-
context of the full article. ing narrative chain verbalization. We also provide

the list of relevant character groups that were ex-
Identifying Character Groups. To identify all  tracted in the previous step as well as the descrip-
salient character groups in a corpus, we promptions of the hero/threat/victim roles in the context
instruction ne-tuned Llama 3.3 70B (Dubey et al, of the source domain. The LLM is instructed to
2024) in a ve-shot setting to identify all mentions extract all relevant characters from the narrative
of main characters in a given news article. Thenghain, tag them with their appropriate character
we cluster mentions (e.g. “undocumented minors”)group, and identify the role they play in the nar-
to obtain relevant character groups (e.g. “immirative (Hero/Threat/Victim). It also identi es the
grants”). To do so, we compile a list of expectedgeneral stance of the chain with respect to the rele-
character groups for a given domain based on theant policy domain (e.g., support/oppose immigra-
list of extracted character mentions. For immigration). Prompts are included in App. L.5 and L.6.
tion, for example, this could include “politicians” Examples of role annotations are shown in Tab. 1.

4



Canonical Form of Chain A Canonical Form of Chain B Constraint that(xi : Xj ) 2 C, imp”esxi andxj should be as-

Immigrants: Victim Immigrants: Threat H H
Law Enforcement: Threat ~ Law Enforcement: Hero Cannot-Link S|gneq to different glusters. The tuples(mare
Stance: Pro Stance: Pro order-lndependent, I.Q.Xi ) XJ) 2C ) (X j ;Xi) 2
Government: Threat Gun Rights Advocates: Hero, C. Letw¢ be the weight of the constraints. Let
Politicians: Hero Politicians: Hero May-Link ) . .
Stance: Anti Gun Control Advocates: Threat I| be the cluster aSS|gnment of a Cham where

- - - i k . . .
Table 2: lllustrations of canonical representations ofi 2 fhg'hzl . The cost 'Of \{lolatlng a cannot-link
character-role con gurations of narrative chains. Weconstraint(xi;x;) 2 C is given bywc1[l; = 1],

show cases where chains cannot be linked and may hiee., if chains violating these constraints are as-
linked. We only consider cannot-link constraints. Seesigned to the same cluster, the incurred cosiis
App. B.1 for more details. Here,1 is the indicator function, witi[true] = 1
andl[false] = 0. Thus, the constrained cluster-
ing problem can be formulated as minimizing the

_ ) o ) following objective function, where the chain is
While character role identi cation establishes theassigned to the cluster Xwith centroid |, :

narrative functions and agency of actors within X X

individual narrative chains, our broader objective R = 1 kx; K+ wellli =131 (D)
requires systematic organization of these chains xi 2X (xix;)2C

to reveal the underlying thematic patterns acrosg

3.4 Structured Clustering

onstraint Aware Centroid Initialization.

the corpus. Traditional clustering approaches base asu et al., 2004 demonstrate that centroid

solely on textual similarity may inadvertently group initialization in centroid-based algorithms such as

narratives that, despite surface-level resemblancE_,means signi cantly improves when incorporat-

convey fundamentally different moral or thematic. iy o . )
. ing supervision through pairwise point constraints.
messages due to contrasting character role con

urations. To address this challenge. we em qufollowing this insight, our initialization procedure
’ g€, PIO¥aeks to obtain robust estimates of cluster centroids

a structured clustering process that incorporateg . . . .
) ; i y implementing a constraint-aware variant of the
character and role information as additional con;

. . . ... .. __k-means++ initialization algorithm (Arthur and
straints, thereby ensuring that narratives with diver-,_ . .~ . B N
. . ) Vassilvitskii, 2007) . LeS =f ,; s,5:0%; sn 0
gent character dynamics are appropriately differen U
. . . . . denote the set of already selected centroids in
tiated. This approach enables the direct mductlort\
of coherent schemas from the resulting narrative _
.. and each g = Xxg corresponds to a selected
clusters, where each cluster represents a dIStIn(dt . { ) .
) . ata point. For each candidate chajn2 X , the
thematic category grounded in both causal event . .
A selection maximizes:
structure and character role consistency. X
_ _ O(xi)= min kxi k> +w, 1[(xi; s)2C] (2)
Constraints. We generate cannot-link con- s28 425

straints (see App. B.1) for all pairwise combina-where the rst term represents the squared distance
tions of chains across the corpus whenever theffom the candidate chaix to its nearest already
character groups and stances exhibit con ictingselected centroid, and the constraint bonus term
con gurations (different roles for the same characencourages the selection of chains that cannot be
ter group, different stances). lllustrative examplesinked with already existing centroids. This ap-
are presented in Tab. 2. proach promotes constraint satisfaction during ini-
. . I N tialization by preferentially selecting centroids that
Constrained Clustering Objective. Drawing in- 10y p Haty 9
. , i are restricted to be in different clusters, thereby
spiration from Basu et al., 2004's pairwise con- . ; . .
. . providing a more informed starting con guration
strained clustering framework, we propose a kg . i
. . for the subsequent clustering algorithm.
means-based clustering algorithm that only con-
siders cannot-link constraints. L¥t= fx jgl;  Clustering Algorithm. An SBERT model
be the set of narrative chains akate the number of (Reimers and Gurevych, 2019) that was trained for
clusters. The goal isto nd a disjoilt-partitioning  semantic search tasks is used to compute sentence
X hgﬁzl (with each partition having a centroid embeddings for each of the chain verbalizations
h), such that the total distance between the chainand is provided as input to our clustering algorithm.
and the cluster centroids is locally minimized. ~ The algorithm (see App. B.2) alternates between

Let Cbe the set of cannot-link constraints suchcluster assignment and centroid re-estimation
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steps. In the assignment step, each claid X is  Narrative Chain Verbalizations. We sampled
assigned to the cluster that minimizes the sum ob0 narrative chains from each domain for human
its distance to the cluster centroid and the cost oévaluation. Two independent annotators assessed
constraint violations incurred by that assignmentchain verbalizations using a 4-point scale, assign-
The centroid re-estimation step follows standardng 0/1 values to four criteria: completeness of
k-means, where each cluster centroig is events, completeness of entities, semantic delity
computed as the mean of its assigned chains.  to the underlying causal sequence, and absence of
hallucinations. The evaluation yielded mean scores
3.5 Narrative Schema Attribution of 3.3 out of 4 for immigration and 3.49 out of 4
Following the clustering process, we employ autofor gun control. Inter-annotator reliability was ex-
matic schema attribution using LLMs to charactercellent for gun control (ICC(2,1) = 0.90) and good
ize the narrative content of the clusters. We sampléor immigration (ICC(2,1) = 0.76)
narrative chains and their character role informa- This evaluation revealed an effective capture of
tion from each cluster using a two-stage approackvents and entities without hallucinations, although
detailed in App. C.1. These are provided as inputdelity suffered due to occasional oversimpli ca-
to the DeepSeek-R1-Distill-Llama-70B reasoningtion of causal connections, likely resulting from
model in a zero-shot setting (DeepSeek-Al, 2025grrors in causal predictions. No egregiously incor-
The model is instructed to generate a schema th&gct verbalizations were observed in either dataset.
best represgnts the_cluster's overarching nqrrativ&harac,[er and Role Annotations.
and to identify and include Entman, 1993's issue
evaluation, and resolution framing elements whe
detected. Prompts are included in App. L.9 an
L.10.

Annotators
also evaluated character, role, and stance annota-
ions using a 5-point scale, assigning 0/1 values to
ve criteria: completeness of entity identi cation,
accuracy of character group classi cation, correct-
ness of role assignment, stance identi cation, and
absence of hallucinations. The system achieved
4.1 Dataset strong performance with mean scores of 4.0 out of

We collect news articles from two distinct policy 5 for immigration and 4_'73, 9Ut of 5 for gun con-
trol. Inter-annotator reliability was excellent for

domains: immigration and gun control. We used ol (1ICC(2.1) = 0.83) and d for immi
the Media Frames Corpus (Card et al., 2015), algun_conlr((:)c(z 1 (_’0)7_9,5) -83) and good for immi-
annotated news dataset with 15 distinct framing caflration (ICC(2.1)=0.
egories. We sampled 2,000 documents from each 3 Narrative Clustering
domain and induced narratives using our frame- .
. ; Cluster Purity. We use two complementary pu-
work. Data statistics and pre-processing steps are : :
. rity measures that quantify the homogeneity of
reported in App. D. . "
character-role con gurations within clusters. Exact
4.2 Narrative Chains match purity assesses clustering quality by consid-
c | Relati Wi 4 and q ering the complete canonical character-role con g-
ausal Relations. e curated and annotated g, .o of each narrative chain, where each con g-

development set from _the immigration and UMy ration represents a complete mapping of character
control datasets. Two independent annotators I(%—

. _‘groups to narrative roles (e.g., Immigrants: Victim,
beled 200 event pairs for each dataset. A thir P (e g

broke fi h ) dorf aw Enforcement: Threat, Politicians: Hero). This
annotator broke ties. The average Krippendor Stnetric measures how many narrative chains within
score of 0.76 (0.71 for Immigration and 0.81 for

each cluster share identical canonical forms. In con-

GunthrXIraol) 'ndﬁatgs %OOd |r_llter—almgoltatorha_lgreet—rast, role-based purity decomposes each narrative
ment. rompttrained on Silver 1abels achieVes, ,in into individual character-role combinations

an F1 score 058:46( 2:06) . The teacher model and measures clustering consistency at the granular

ach_levgd an F1 score of 68.18, suggestlr_\g.that WRvel. Mathematical formulations are described in
maintain 85% of teacher performance. This is com;

) . App. E.2.
parable to recent causal relation prediction method

. 2 i ion = 959 — 050,
hen .. 202 nd the high recal¥y 1 Immigration = 95% CI [0.84, 0.94], Gun Control = 95%
.(C e”g e.t ad’ 0 5).a .dt € high rec (?] 3 d ) i Cl[0.62, 0.86], p <0.001
Is well suited to maximize coverage. Further details 3Immigration = 95% CI[0.72, 0.90], Gun Control = 95%

are provided in App. E.1. CI[0.66, 0.87], p < 0.001

4 Evaluation



Top 25% Narrative Chains

All Narrative Chains

Domain Clusters Model Frame F1 Exact Match Purity Avg. Role Purity | Frame F1 Exact Match Purity  Avg. Role Purity
R k-means 33.22 32.31 41.19 26.90 80.79
Immigration 150 ~Structured
. 36.96 37.83 42.32 32.79 81.48
Clustering
Gun Control 200 Skt—rT(ii?:d 32.86 35.16 86.40 37.65 29.22 81.18
. 36.45 42.71 89.24 41.68 36.66 82.90
Clustering

Table 3: Performance evaluation across three metrics: frame prediction F1-score, exact match purity, and overall
role purity. Metrics are computed for all narrative chains and for the top 25% chains closest to cluster centroids.

Results compare our method against k-means baseline on immigration and gun control domains. Number of clusters
for each domain was selected based on the process outlined in App. E.4. Bold values indicate superior performance.

Predictive Signal from Clusters. To assess the derived from clustering results of both standard
correlation between narrative clusters and highk-means and our proposed algorithm across both
level frames, we examine whether cluster assigrdatasets. We found that constrained clustering sig-
ments contain enough signal to discriminate beni cantly improves intrusion detection for gun con-
tween frame categories. This analysis is designettol (75 vs. 85). However, for immigration, we
not to optimize predictive performance but ratherobserve the opposite trend (86 vs. 83). We hy-
to quantify the extent to which frame-relevant infor-pothesize that this could be due to the following
mation is implicitly encoded within the discovered reasons: 1) During hyper-parameter tuning, we se-
narrative structures. We employ a logistic regredect a lower constraint weight for immigration (0.01
sion classi er that takes cluster frequency vectorsss. 0.1), which results in constraints being applied
as input features, where each document is repraiore loosely. 2) We systematically observe a lower
sented by the frequency counts of clusters assignddA for immigration across all tasks, suggesting
to its constituent narrative chains (App. E.3). Perpotential dataset artifacts. We leave a closer exami-
formance is evaluated using F1 on a held-out devehation of this result for future work. Full accuracy
opment set comprising 20% of the total dataset. and agreement metrics are in App. E.5 (Tab. 17).

Results. All metrics are reported in Tab. 3.44 Schema Attribution Analysis

Through systematic experimentation, we deter- _ o
mined the optimal number of clusters for each doJO évaluate the quality of schema attribution, we

main (see App. E.4). Comparative analysis againgtad a trained linguist perform a qualitative analy-
standard k-means clustering demonstrates consf$: This process focused on analyzing S0 resulting
tent improvements across all evaluation metric§chemas from each dataset — selected based on the

for both domains. The incorporation of characterStrategy outlined in App. E.6 —for overall schema
role constraints yields more semantically coherdu@lity, as well as the presence of Entman (1993)'s
ent and nuanced clusters, with corresponding inff@Me elements in the schema. We nd that 94%
provements in frame prediction accuracy (up to 3-4°f the schemas from the immigration set and 96%
points) and exact match purity (up to 5-7 points)°f the schemas from the gun control set were of

when evaluated on the top quartile of narrativeligh-quality; these not only meet high standards of
chains within each cluster. Detailed individual role ©verall coherence, but also strike a balance between

coverage and speci city to the sentences included
in the context. Additionally, we nd high rates of
Intrusion Test. We further assess the quality of the evaluation frame element in schemas. While
the clusters with an intrusion detection task. Foithe evaluation element was most prominent, we
each test instance, we select two randomly samplealso observed a relatively high number of schemas
narrative chains from a target cluster and introducehat contained all three elements simultaneously
a randomly sampled chain from a different cluster(namely issue, evaluation, and resolution). We be-
as a distractor. Two independent annotators arkeve that the high quality of generated schemas — as
tasked with identifying the intruding chain. The well as the presence of frame elements — provides
underlying premise is that well-formed clusters capevidence that the results of our Narrative Schema
turing coherent high-level narrative patterns shouldAttribution step are useful in evaluating framing in
facilitate accurate intruder identi cation. We per-news media. Frame element de nitions and exam-
form the intrusion detection task on 150 examplegle schemas are provided in App. E.6.

purity scores are presented in App. E.2.
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Figure 3: SHAP feature importance comparison between RoOBERTa embeddings and narrative features for frame
prediction on a single test instance, showing both approaches capture similar semantic patterns. Red/blue indicate
positive/negative in uence; deeper shades indicate higher in uence. Full length narrative schemas in App. F.2.

4.5 Error Analysis stream schema assignment may still capture the

We conducted a qualitative error analysis to idendeneral thematic content of the article.

tify failure modes in our pipeline. We categorize e rrect Character Annotation.  The character

errors into ve types, each illustrated with a de-gnntation module may assign incorrect narrative
tailed example in App. E.7 (Tab. 11). roles when the model's interpretation of an entity's
Incorrect Event Extraction. The causal relation fole differs from the role implied by the article
extraction module may identify the wrong eventconteXt; Addltlopglly, because our algorithm maps
triggers from a sentence, leading to an incorrect"€-9rained entities to coarser character groups,
event pair. Since all downstream components des_gmantlcally related put d_lstlnct entities (e.g., im-
pend on the extracted events, this produces cascdglgrant teachers vs. immigrant students) may be
ing errors in the verbalization, character annotatiorc°" ated, leading to incorrect schema assignments.

and schema assignment. Recommendations. Improving upstream event

Incorrect Causal Relation Prediction. Insome €xtraction and causality identi cation yields down-
cases, the model predicts a causal relationship bel'éam gains, as errors here cascade through the
tween events where the actual relationship is mor€ntire pipeline. A faithfulness veri cation step,
nuanced or absent entirely. This is particularIySUCh as entailment checking between the verbaliza-
common when the article implies a policy recomlion and source article, could mitigate unfaithful
mendation rather than a direct causal link, causinyerbalizations and missing entities. Practitioners

the LLM to fabricate a causal interpretation that isShould exercise caution with implicit causality in
unfaithful to the source text. argumentative text, where the model may over t

to causal interpretations. Adopting ner-grained,
Missing Entity from the Verbalization. The ver- domain-speci ¢ character taxonomies could further
balization step may omit key entities mentioned inreduce entity con ation. Notably, despite interme-
the article, attributing actions or experiences to theliate errors, schema assignment often remains the-
wrong actor. This typically occurs when multiple matically faithful, suggesting the pipeline is robust
entities are discussed in close proximity and theor aggregate-level narrative analysis.
LLM con ates their roles based on the broader
article context rather than the speci c event pair. 5 Explainability Study

Unfaithful Verbalization. Even when the cor- We seek to systematically examine which narrative
rect events are extracted, the verbalization mapatterns and character con gurations are most pre-
invert or distort the causal direction described indictive of speci c media frames at different levels
the article. The resulting narrative chain misrepreef granularity, compare the explanatory power of
sents the relationship between events, though dowpur narrative features against contextualized text
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representations, and identify the key narrative el-
ements that most strongly signal particular media
framing strategies. To perform this analysis, we
employ SHAP (SHapley Additive exPlanations), a
game-theoretic framework that assigns importance
scores to individual features based on their contri-
bution to predictions (Lundberg and Lee, 2017).

Instance-Level Analysis. We trained two clas-
siers for comparative analysis: a text-only
RoBERTa model (Liu et al., 2019) and a multi-
layer neural network that uses narrative cluster and
character role frequencies as the only input fea-
tures for policy frame prediction. We employed

SHAP analysis to examine feature importance fokjgre 4: SHAP feature importance values (x1000)

identical test instances across both classi ers, |”USf'0r the top 6 narrative schemas and top 2 role features
trating our ndings in Fig. 3. The analysis reveals that predict the Legality, Constitutionality, Jurisdiction
that the narrative cluster features capture equivaleritame in gun control news articles. Full length narrative
thematic information to token-level RoOBERTa em-Schemas are listed in App. F.3.
beddings, while offering more succinct information.
In addition, both models rely on similar high-level _. . . L
y rar nigh- tive building blocks that most reliably distinguish
patterns for Health and Safety prediction. This con: ; . . I
- between different framing strategies within each
vergence demonstrates that our structured narrative”,. : R
. o o Bohcy domain. We nd that for immigration, char-
representations capture similar predictive pattern N .
. . L . acters play a central role in driving frame predic-
while offering enhanced explainability relative to

. . _tion, particularly immigrants. In contrast, gun con-
traditional black-box approaches. Implementatlor][ - . .
. . rol frame predictions are driven by narrative clus-
details and performance are reported in App. F.1. . . .
ters, particularly those dealing with judicial and

Frame-Level Analysis. To move from a ne- Iegal schemas. See App. F.5 for full results.
grained (instance-level) to a medium-grained

(frame-level) analysis, we compute SHAP featurd Conclusion

importance values for each label in the dataset.

This analysis allows us to understand the distincl NS work addresses a fundamental challenge in

tive narrative signatures that characterize differenfOmpPutational media framing analysis: the need for

framing strategies in a given domain. For exammethods that can automatically induce nuanced nar-

ple, Fig. 4 illustrates SHAP values for the Legalityfativé schemas from large-scale, domain-agnostic
Constitutionality, Jurisdiction frame in gun control COTPOra while maintaining interpretative depth. We

coverage, showing that judicial con ict schemasPTOPOS€ a structured clustering framework that
seemingly dominate while political actors remainPridges communication theory and NLP by extract-

peripheral. This result suggests that the legal franiNd causal narrative chains, identifying character

ing of gun control coverage tends to emphasizéOIeSv and employing character-role constraints to

courtroom battles rather than legislative politicsSyStematically induce semantically coherent narra-

Such frame-speci ¢ decompositions illuminate thetive schemas at scale. Our evaluation demonstrates
compositional logic underlying the formation of that our schema induction approach consistently

media frames, showing how different combinationsMProves narrative coherence and'frame prediction
of narrative elements produce systematically differP€rformance over standard clustering methods. Fur-

ent representations of the same policy issues. S&Ber We show that our schemas capture Entman,
more analysis in App. F.4. 1993's framing elements and provide interpretative

power comparable to contextualized embeddings
Domain-Level Analysis. Finally, we perform a while offering superior transparency. Our results
coarse-grained analysis at the domain-level to exdemonstrate how a uni ed event- and character-
amine the most important features across all framesentric approach can systematically induce high
This global analysis reveals the fundamental narraguality, domain-speci ¢ narrative patterns.
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Limitations result in certain demographic groups being consis-

Whil ¢ Kd trates effective ind tently categorized in speci ¢ roles while simulta-
Vhile ourframework demonstrates efiective In uc'neously amplifying mainstream narrative framings
tion of narrative schemas, several aspects prese

wunities f tension. Our f Enali hgfthe expense of alternative or minority perspec-
:)ppor uniies for extension. tLrJ\r (CJCU.? (élnStntg SNives. The large-scale nature of our analysis could
anguage news coverage In the tnite ates e otentially compound this issue, as both dominant

abled robust development using estaphshed la haracter portrayals and prevalent narrative struc-
guage tools and narrative theory. Porting our sa-

lution to | that | ed ?[ res become further entrenched through system-
ution 1o ‘anguiages fhat are 1ess stipported cou g-t‘ic identi cation across thousands of documents.
present challenges. However, adapting our metho

o other | q toxt i To mitigate these risks, we recommend conduct-
0 ofher fanguages and contexis opens oppor L_"]h'g bias audits across demographic groups and nar-
ties for cross-cultural analysis to explore how dif-

rative schemas, developing techniques to surface

ferl_ent_someues f[:or][_stlrluct me?nmg e}roundl SIm”e;Eotential annotation biases, and encouraging the
pOlicy 1SSues, potentially revealing Universalversus, se of this framework primarily for academic re-

culture-speci ¢ storytelling patterns. search and media literacy purposes rather than ap-

The Hero/Threat/Vict_im framework offers a lications that could exploit induced schemas for
straightforward, theoretically grounded approacrﬁ-nanipulation or propaganda

to character analysis, although limited. Our
tractable system creates pathways for more s@cknowledgments
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Punta Cana, Dominican Republic. Association fork set to 15, and seed set to 14 to obtain clusters.
Computational Linguistics. We manually label the resulting character clusters
A Character Group Identi cation Details to obtain our nal list of character groups.
Here we outline the process for determining salienf\-3 Character Group Results
character groups for a given corpus. This includes &lere we outline the nal character groups for each
prompting technique to extract character mentionslataset, including examples from the character ex-
from each document, clustering these charactdraction step which t into each character group.
mentions into semantically-similar groups, thenResults for the immigration domain are in Tab. 4,
manually labeling the resulting clusters to obtainwhile results for the gun control domain are in Tab.
our nal list of character groups. 5.

A.1 Character Extraction B Structured Clustering Details

We prompt the Llama3.3 70B-instruct model B1 Constraint De nition
(Dubey et al, 2024) with temperature setto 0.2 in a _ _ _ '
ve-shot setting. The ve examples were randomly For each narrative chain, we derive a canonical rep-
selected from each dataset and manually annotatégSentation of its character and role con guration
by two of the authors. The same examples are usddy abstracting from individual character mentions
for each news article. to their corresponding character groups. When
We rst provide a system prompt that explains & chain contains multiple characters assigned to
the task and desired output. This is followed by &"€ same character group but exhibiting con icting
user prompt, where the full news article is provided©!€s, we employ majority voting to resolve the in-
The user prompt is repeated for each of the veConsistency and retain the dominant character-role

examples. Prompts are provided in App. L.4. pairing. Random selection resolves any remain.ing
ties. If the chain has a “Pro” or “Anti” stance, it

A.2 Character Clustering Details is retained (“Neutral” is discarded). The resulting
Given the extracted characters from all articles, weeanonical form contains at most one instance of
use a seeded clustering process to obtain groups 8fch character group and stance combination. Nar-
related characters. First, we compile a list of extative chains with con icting character-role con g-
pected character groups to be us_ed as the initial cen- “https://scikit-learn.org/stable/modules/

ters of our clusters. While domain knowledge maygenerated/sklearn.cluster.KMeans.htm|
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Character Group Extracted Character Examples

Immigrants Documented Immigrants, Undocumented Aliens, Undocumented Minors, Peruvian Immigrant

Refugees Asylees, Immigrant Refugee, Palastinian Refugees, Haitian Refugee Community

Asylum Seekers Asylum Applicants, Asylum Seekers, Chinese Asylum Seekers, Haitian Asylum Seekers

Workers Agricultural Guest Workers, lllegal Workers, Assembly Workers, Tech Workers

Politicians Donald Trump, Barack Obama, Republican Political Leadership, Republican Gov. Jan Brewer

Law Enforcement Alameda Police, City Police Chief, Immigration Police, Customs Agents, U.S. Border Patrol

Judiciary Department of Justice, Federal District Court Judges, U.S. District Judge Alan Gold, Family Court Judge

Government Government Workers, Department of Health and Human Services, Egyptian Government, Department of City Planning

Immigration Advocates Pro-Immigration Group, Latino Civil Rights Group, Immigration Rights Group, Advocacy Group

Other U.S. Tech Firms, Baby Boomers, Big Business, Black Market

Table 4: Final character groups for the immigration domain and selected examples of characters extracted from the

dataset. For our analysis, we merge Refugess, Asylum Seekers, and Workers into the Immigrants group.

Character Group Extracted Character Examples

Politicians Republican State Senator, Texas Gov. George W. Bush, Joe Biden

Advocates of Gun Control, Anti-gun Movement, Anti-Gun-Violence Activists, Colorado Coalition

Gun Control Advocates Against Gun Violence

Gun Right Advocates Gun Rights Activists, Gun Lobbyists, Pro-Gun Organizations, Rocky Mountain Gun Owners

Law Enforcement Local Law Enforcement Agencies, D.C. Police Chief, Airport Security Of cials, Hempstead Police Department
Judiciary California Supreme Court, Federal Judge, District Court Judge, U.S. District Judge Phyllis Hamilton
Government City Government, Federal Government, Governing Bodies, Government Agencies

Gun Crime Victims Victims of Gun Violence, Mass-Shooting Victims, Relatives of Victims, Sandy Hook Victims

Other Academic Experts, Adoption Agencies, Commentator, Air Line Pilots Association

Table 5: Final character groups for the gun control domain and selected examples of characters extracted from the

dataset.

urations are assigned cannot-link constraints, indpling, with a maximum of 25 chains sampled per
cating that they should not be clustered togethecluster.

Similarly, chains with no character-role con gura-

tion con icts maybe linked together, but we do not D Dataset Details

explicitly enforce these may-link constraints in our

i . ) D.1 Framing Dimensions
clustering algorithm. Examples of cannot-link and

may-link constraints are provided in Tab. 2. The Media Frames Corpus has article level frame
labels derived from the (Boydstun et al., 2018) Pol-
B.2 Algorithm icy Framework, viz. Economic, Capacity and Re-

The structured clustering algorithm is outlined inSCUrces, Morality, Fairness and Equality, Legality,
Alg. 1. Constitutionality and Jurisprudence, Policy Pre-

scription and Evaluation, Crime and Punishment,

C Narrative Schema Attribution Details Security and Defense, Health and Safety, Quality
_ . _ of Life, Cultural Identity, Public Opinion, Political,

C.1 Narrative Chain Sampling Strategy External Regulation and Reputation, Other.
The system employs a two-stage sampling strat- ,
egy: (1) centroid-based ltering that retains the D-2 Dataset Sampling
50% of chains most proximate to cluster centroiddVe employ strati ed sampling across both Immi-
via Euclidean distance, followed by (2) documentgration and Gun Control domains to preserve the
diversity sampling that prioritizes inter-documentoriginal label distributions from the source datasets.
representation by rst selecting one chain perThe Other label does not appear in either dataset
unique document before additional random samand is discarded from our analysis. The gun con-
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Algorithm 1 Constrained k-means Clustering Dataset Precision Recall F1

B EventStoryLine Corpus (ESC) 55.3 96.5 70.3
1: Input: X =1fx igl; (SBERT embeddings of \javenerRE 54.1 882  67.1
narrative chains), _ _ Table 7: Performance of teacher model on popular Event
C (cannot-link constraints), Causality Identi cation (ECI) datasets (Dev F1)

k (number of clusters),

W (constraint weight) _
2: Output: Partitioning fX,gk_, The DAPrompt model was trained on the teacher-

Method: annotated silver labels with ve different seeds. We
report statistics from different seed runs in Tab.
8. The model was trained using Adam optimizer

hw

Initialize f 510) oK., via constraint-aware

k-means++ _ : : _
5t 0 with a learning rate ole 6, linear learning rate
6: while not converged do scheduling with warmup (20% of the rst epoch)
7. foreachx 2 X do and a weight decay dfe 2 . We trained the model
8: Assign cluster: for a maximum of 150 epochs and calibrated based
o: h  argmin ki ® |2 on performance on the development set. Silver
' ! ; 10— labels improved performance of the system by
. We (xx;)2C [j =hl 24 points over training on general-domain data
10: Assign x to cluster h (ESC and Maven)
11:  end for '
12: R(g—lt)astimate cengoids: Seed Precision Recall F1
13 SETT axen X 7 50.3 789 6L4
h
for each cluster h ;‘11 jg'g ;gg g;'i
14: +1 . . .
15 entd th'le 42 42.1 82.9 55.9
- end whl 63 46.7 764 580
Mean () 46.9 779 585
Standard Deviation () 3.1 3.1 2.1

trol domain exhibited greater class imbalance com-

pared to immigration. Consequently, the Capacit)Table 8: Multi-seed evaluation of the DAPrompt ECI

and Resources, Fairness and Equality, and Moralitf'/etUIID on the dev set
and Quality of Life labels, which had insuf cient
representation, were excluded from the gun COM= 5 Cluster Purity Details
trol analysis. Articles with no extracted narrative

chains were discarded. Final dataset statistics afdathematical Formulation. Let N denote the
reported in Tab. 6. total number of narrative chain&, the number

of clusters,R the number of distinct character
groups, and/ = fHero; Threat; Victimg . For

Narrative Average Chains
Chains per Article

Immigration 1988 36,956 23 33.3 million 14 i i i
GunControl 1933 44,269 28 37.4 million 10 Cardma“ty of cluster i.

Table 6: Final sampled dataset statistics for both Immi- The exact match purity is de ned as:
gration and Gun Control domains.

Domain Articles Constraints ~ Frame Labels

X
E Evaluation Details Exact Match Purity =ﬁ méelxcount(c; G)
i=1
E.1 Causality Evaluation Details 3)

In addition to the target domain development set, wherec represents a complete canonical con g-
we also report the performance of the teacher modé{ration ar_mct:ount_(c;_ Q) denot_es the frequency of
on popular general-domain ECI datasets: EventOn gurationc W|th|n.cluster . .
StoryLine Corpus (ESC) and MavenERE (Casell For role-based purity, we compute the purity for
and Vossen, 2017; Wang et al., 2022) (Tab. 7). A§ach character type r as:

ESC and MavenERE only mark causal relations,

we sample equal number of non-causal relations Purity. = 1 X MaXy Nr.y;i 4)
from respective datasets. K 1 iCij
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wheren;.;; represents the count of characterf50; 100; 150; 200; 250; 300; 350; 400; 450; 5009
r2 R withrolev 2 V in clusteri. The average using both purity metrics and predictive signal
role-based purity is obtained by averaging acrosmeasures. Optimal hyperparameter selection is
all character types: determined by identifying the con guration that
maximizes the joint performance across both
evaluation criteria. Through this systematic eval-
uation, we identifyK = 150 with w; = 0:01 as
optimal for the immigration domain, ar¢tl = 200
with we = 0:1 for the gun control domain.
Role Based Purity Report. We report the role  Comprehensive results for these con gurations are
based purity scores for the Immigration domainpresented in Tab. 3. We show the robustness of our
in Tab. 13 and 14, as well as those for the Gurapproach which outperforms the baseline across

o
Average Role Purity =§ Purity, (5)

r=1

Control domain in Tab. 15 and 16. both metrics for both of the domains.
E.3 Feature Vector for Logistic Regression E.5 Intrusion Test Details
Model

Sampling Strategy. The intrusion data gener-
We construct dpcument—level fea_ture representagion employs a strati ed sampling strategy that
tions by leveraging the cluster assignments of coNgyerages cluster-based semantic relationships to
stituent narrative chains. For agiven c_IocumenEreate dif culty-graded evaluation datasets. For
d, we rst map each narrative chain to its corre-pqsitive example pairs, the algorithm samples from
sponding cluster assignment. We defeas the  he 1op 259 of chains closest to each cluster's

raw frequency of thé-th narrative cluster within - ceniroid while enforcing document diversity con-

document d, formally expressed as: straints and applying Jaccard similarity thresholds
(default 0.6) to prevent near-duplicate pairs. Source
fk =nk (6)  clusters are selected through weighted random sam-

wheren, denotes the count of narrative chainsP!ing that favors underutilized clusters, ensuring
assigned to thé-th cluster. To account for po- balanced representation across the semantic space.
tential scale differences across clusters and ensut¥hen positive pairs cannot satisfy diversity require-

feature stability, we apply standardization to obtainMents within the top quartile, the algorithm ex-
the normalized frequendy for each cluster: pands its search across the entire cluster before

falling back to proximity-based selection.

~ _ The intruder sampling strategy implements a
fk = @) . . .

three-tier dif culty hierarchy based on inter-cluster
where represents the mean frequency across afémantic distances, generating 50 examples each

clusters and denotes the corresponding standarcPf easy, medium, and hard dif culty levels per clus-
deviation. The nal document representation istering method for a total of 150 examples. Easy
constructed as a feature vecBbencompassing the intruders are drawn from the top 25% most rep-

standardized frequencies of all narrative clusters:resentative points within clusters that are seman-
tically distant (top 25% farthest) from the source

F=[fif3 %] (8) cluster, while medium-dif culty intruders originate
from semantically similar clusters (top 25% clos-

_This vector encoding enables downstream clagsst) Hard intruders represent the most challeng-
si cation tasks by capturing the distributional pat-ing case, sampled from the single most semanti-

terns of narrative structures within each documenEa”y similar cluster to the source. This systematic

E4 BestK Selection approach creates a controlled dif culty gradient

where task complexity correlates with the semantic

We conduct clustering experiments on narrativeroximity between source and intruder clusters, en-
chains extracted from both immigration and gungpjing ne-grained evaluation of clustering quality

control corpora, employing standard k-meansgyng human semantic judgment capabilities.
clustering as a baseline and our proposed structured

clustering algorithm. Clustering performance isintrusion Test Results. The full intrusion test re-
evaluated across a range of cluster sike? sults for both immigration and gun control datasets
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are reported in Tab. 17. subsume under a single banner: issue. We gave
making moral judgements the shorthand evaluation
E.6 Schema Analysis Details and decided on the term resolution to avoid the
We evaluate the automatic schema attribution proillness' metaphor that may invoked by the term
cess through a qualitative analysis by one of the auremedy'. Below we outline each of these resulting
thors of the paper, who is a computational linguistframe elements and provide explanations for how
with a communications background. The analythey may appear in the context of our schemas.
sis is aimed at evaluating the quality of generated

schemas and their usefulness for studying media 1, |ssue: A schema contains this frame element

framing. if it references the core debate in the given
E6.1 Sampling Strategy domam a_lnd its causal agents, either implicitly
or explicitly.

We use a density-based strati ed sampling ap-
proach to evaluate clustering quality across dif-
ferent levels of coherence. Clusters are ranked by
internal density, measured as the inverse of aver-
age distance from data points to cluster centers.
The ranked clusters are divided into three groups:
top quatrtile (highest density), middle two quartiles,
and bottom quartile (lowest density). We sample
15 clusters from the top quartile, 20 from the mid-
dle groups, and 15 from the bottom quartile, giving
us 50 clusters total. Within each selected cluster,
up to 25 narrative chains are randomly sampled for
evaluation. This approach ensures consistent cover-We nd high rates of the evaluation frame el-
age across the full range of clustering performancement in schemas. This prominent discussion
while keeping the analysis manageable. of cause and effects aligns with the fact that the
schemas are generated based on clusters of causal
event chain verbalizations; it is encouraging that
For the 50 sample schemas from each dataset, otie generated schemas remain faithful to this em-
annotator assigns a binary quality label. A highphasis.

quality generated schema is one that appropriately \y/nile the evaluation element was most promi-
represents the content of the 25 sentences includggbnt, we also observed a relatively high number
in the context, while also achieving relatively high o schemas containing all three elements simul-

speci city. The schema must be clear and coherentaneously. A third trend, in which the issue and
We nd that 94% of the schemas from the immi- g\ 51yation elements co-occurred, was also identi-

gration set and 96% of the schemas from the gunyq.

contrpl set meet this C_”te”a' . Examples of high-quality schemas and the frame
Aside from evaluating schema quality, we arégoments identi ed by the annotator in each may
also interested in determining the usefulness of thBe found int Tab. 9. Low-quality schemas and

schemas for conducting computational frame analy,i cations for why they were labeled as such are
ysis. Here, we lean heavily on Entman (1993)'s;,|.ded in Tab. 10.

de nition of framing, in which he describes four
frammg_ funct_lons or eIemer_1ts: de ning prob- E.7 Error Analysis Details
lems, diagnosing causes, making moral judgments,
and suggesting remedies. The presence of one We present a detailed error analysis of our narrative
many of these elements indicates framing. extraction pipeline in Tab. 11. For each identi ed
Through iterative discussion, three of the authorserror type, we provide the original article excerpt,
familiar with media framing translated this list into the extracted causal event pair, the generated ver-
three framing elements more suitable to the corbalization, the character annotation, the assigned
text of our task. We found de ning problems and narrative schema, and our analysis of the error and
diagnosing causes operationally similar enough tats downstream effects.

2. Evaluation: A schema employs this element
if it includes discussion of causal agents and
their effects. The means through which causal
agents achieve their effects are generally in-
cluded within the scope of this element.

3. Resolution: The schema contains speci ¢ sug-
gestions proposed as solutions, separate from
the causal interpretation of evaluation.

E.6.2 Qualitative Analysis
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High Quality Schema Salient Frame Elements

Charlton Heston leads the NRA in opposing stricter gun-control legislation by advocating for rigorous . .
. Lo ISsue, Evaluation, Resolution
prosecution of federal gun law violations.

Law enforcement efforts lead to the indictment and prosecution of individuals involved in immigra]tion .
A L - sSue, Evaluation
violations, highlighting immigrants as both victims and threats.

Table 9: Examples of high-quality generated schemas, evaluated on their overall coherence, as well as on striking a
balance between coverage of and speci city to the sentences included in the context.

Low Quality Schema Comment

Politicians' efforts to pass anti-crime legislation with stricter gun control . . . N . ,
e : s . %I is unclear who is advocating for “public safety
measures face opposition from Gun Right Advocates, emphasizing public safety.

The U.S. government strengthens immigration enforcement through enhancelilegal activities' lacks speci city to the context
security measures and database implementation to combat illegal activities. sentences, which reference falsi ed documents

Table 10: Examples of low-quality generated schemas, evaluated on their overall coherence, as well as on striking a
balance between coverage of and speci city to the sentences included in the context. We also include justi cation
for the low-quality label.

F Explainability Analysis Details le 3. Training proceeded for a maximum b0
epochs with early stopping, and performance was
F1 Models evaluated on the same 20% held-out development
Here we de ne the model architecture and the trainset.

ing paradigm for the models under consideration
for the explainability analysis. Model Performance. We evaluated the per-

formance of both models on the Immigration

RoBERTa Classier. We implemented a and Gun Control datasets using a 80/20/20
RoBERTa-based classi er for frame prediction train/development/test split. Results are reported
using a single linear classi cation head. We onlyin Tab. 12. Given the multi-label prediction setting
use the full article text as input. The model was(14 classes for immigration, 10 for gun control) and
trained using the Adam optimizer with a learningthe inherently subjective nature of framing tasks,
rate of le 5, linear learning rate scheduling we consider the model performance satisfactory.
with warm-up, and weight decay 0f3. Training  Our primary objective centers on explainability
proceeded for a maximum 86 epochs with early analysis rather than performance optimization, as
stopping, and performance was evaluated on a 20%e seek to assess the predictive utility of our nar-
held-out development set. rative feature representations rather than achieve

. . . maximum classi cation accuracy.
Narrative Feature Classi er. We adapt a multi- y

modal fusion approach for frame classication F2 Narrative Schemas for the Single Instance
where the model processes three distinct feature  stydy
types — cluster, role, and stance representationsT—he complete LLM-generated narrative schemas
through separate transformation pathways before . | .
- . . corresponding to Fig. 3 are presented below in
combining them via a fusion layer. Each pathway . .
. . : ) . . .__“decreasing order of feature importance. These
applies dimensionality reduction with regulariza- . ; .
schemas characterize the narrative clusters contain

tion, and the concatenated representations are pro- .
A ."ing the chains extracted from the analyzed news
cessed through a nal classi cation layer. This

. . . . article.
design enables independent feature learning while

facilitating cross-modal integration for improved 1 Immigrants face signi cant challenges access-
frame prediction performance. The cluster features ing healthcare due to restrictive policies and

are constructed as outlined in App. E.3. Role and  gggjetal fears, with varying government and
stance features were constructed in a similar man- advocacy responses.

ner. The model was trained using the Adam opti-

mizer with a learning rate e 4 , linear learning 2. The failure of U.S. immigration policies and
rate scheduling with warm-up, and weight decay of governmental actions leads to signi cant hard-
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Error Article Excerpt Causal Event Verbalization Character Annotation ~ Assigned Schema Analysis
Type Pair

Incorrect Sen. Larry Craig, R-ldaho, said ((roll, tragedy), The Virginia Tech tragedy Characters: Gun rights advocates hero-The correct events should be (use,
event ex- Democrats would turn off voters if CAUSE, (roll, prompted gun rights advocatesgun rights advocates ically defend their consti- tragedy) and (roll back, rights). This
traction  they used the Virginia Tech tragedyright)) to roll out opposition against (Gun Right Advocates) — tutional right to bear arms produces a cascading error: the causal-
to roll back gun owners' rights: “I any potential rollback of gun Hero against government and ju-ity determination and verbalization are
could give you a litany of laws bro- owners' rights. Stance: Anti dicial threats, emphasizing both incorrect and unfaithful to the arti-
ken or lines crossed. Laws some- its importance for freedom cle. Nevertheless, the assigned schema
times don't protect the innocent, and safety. remains faithful to the article.
tragically enough...”
Incorrect  But however many people are even{(require, thing), Requiring education for young Characters: Immigrants face obstacles The causality here is subtle, if present
causal tually able to gain legal status, thereCAUSE, (gain, immigrants helps them gain le-young immigrants (Im- accessing education dueat all. The article argues that educa-
relation is one thing that should be requiredstatus)) gal status in the U.S. migrants) — Neutral to legal status and pol- tion should be a legal requirement for
predic- for all seeking to make a new life in Stance: Neutral icy restrictions, with politi- immigrants seeking legal status. How-
tion this country: education. cians in uencing their ac- ever, the LLM instead reasons that edu-
cess through supportive or cation ensures attainment of legal status,
restrictive legislation. which is unfaithful to the article. The

assigned schema is consequently incor-
rect, even though it is closely related to
the topic being discussed.

Missing ~ Workers on the front lines of wel- ((deny, stamp), The new rules denying food Characters: The denial of food stamps Although factually plausible, the ver-
entity fare reform, under new orders toCAUSE, (ght, stamps to legal immigrants legal immigrants (Immi- to legal immigrants due to balization incorrectly omits the “Work-
from the deny food stamps to innumerable letorment)) have caused signi cant emo-grants) — Victim welfare reform has led to ers” entity. It is the workers who ex-
verbaliza- gal immigrants... are nding that tional distress, leading many Stance: Pro high hunger levels, prompt- perience the “torment’,’ not the immi-
tion translating Federal law into reality to ght against the torment of ing advocacy groups to grants. The broader article discusses
is not coming easily.Field workers losing essential bene ts. urge Congress to restorethe plight of immigrants and the uncer-
are befuddled about what to do... bene ts. tainties they face, which explains the
and some are ghting their torment LLM's misattribution. The assigned
about the justness of it all. schema correctly addresses the hunger

crisis but does not directly correspond
to the event pair under consideration.

Unfaithful ~As testimony continued Monday in ((notify, Federal immigration of cials Characters: Judges often act as heroesThe verbalization incorrectly inverts the
verbaliza- Sami Al-Arian's bail hearing, the lawyer), noti ed Al-Arian's lawyers of ~ Federal immigration of- by making rulings that causal relationship between the events
tion question of whether he will get out CAUSE, their intent to keep him in cus- cials (Law Enforce- protect immigrants, who as described in the article excerpt. The
of jail before trial became even (grant, bail)) tody, which could hinder the ment) — Threat are frequently portrayed assigned schema, however, is largely
murkier. Federal immigration of - magistrate judge from granting Al-Arian’s lawyers (Im- as victims, while govern- faithful to the article, correctly captur-
cials have noti ed the lawyers for bail. migration Advocates) — ment actions sometimes ing the roles played by the different enti-
Al-Arian and one of the other defen- Hero pose threats, leading to le-ties involved in such legal proceedings.
dants in the case of their intent to Stance: Neutral gal resolutions that address
keep the two men in custody, even if these challenges.
the magistrate grants them bail.
Incorrect  Over the past few years, the Palm((include, 49), The Palm Beach County Characters: Efforts by educators and Arguably, the School Districtis the hero
character Beach County School District has CAUSE, (offer, School District's inclusion Palm Beach County government of cials to sup- in this narrative by offering permanent
annota-  hired 71 teachers from around thecrop)) of 49 teachers from the School District (Gov- port immigrant students' residency to its foreign hires. The as-
tion world. .... Other international re- Philippines has led to their ernment) — Neutral educational needs despitesigned schema, however, is incorrect, as
cruits include 49 who hail from the decision to offer these foreign teachers from the Philip- enrollment challenges. the article discusses immigrant teachers
Philippines, .... But if the school educators a chance for permapines (Immigrants) — rather than immigrant students. Since
board approves the plan tonight, the nent residency as an incentiveHero our algorithm treats immigrant teach-
district will start offering its small to retain them. Stance: Pro ers and students as the same charac-
but growing crop of foreign teach- ter group, it is understandable why this
ing recruits a chance for permanent schema was assigned based on seman-
residency ... tic similarity alone.

Table 11: Error analysis of the narrative extraction pipeline. Each row illustrates a distinct error type with the
original article excerpt, extracted causal event pair, generated verbalization, character annotation, assigned narrative
schema, and our analysis.

Domain Model Train F1 DevFl TestFl achieving necessary English pro ciency,

. ROBERTa 69.30 62.70  61.40 : L ; .
Immigration - Features  65.97 4346  38.57 which affects their ability to integrate into so-
Gun Control _ROBERTa 7541 6298  64.19 ciety and access opportunities.

~Narrative Features  74.53 48.74  46.84

Table 12: Performance of RoOBERTa and Narrative Fea- 6. The U.S. government's aggressive enforce-
ture Classi er on the Immigration and Gun Control ment of deportation policies targets im-
Datasets. We use these models for our explainability  mjgrants viewed as threats, leading to

study. widespread arrests and expulsions.

7. lllegal immigration is causing signi cant prob-
lems in the U.S., such as job competition and
increased crime, necessitating stronger border
control and legal measures.

ships for immigrants, portraying them as vic-
tims without effective resolution.

3. Immigrants facing exploitation and signi cant
challenges receive support from advocates

who push for solutions like legal status. Narrative Schemas for Frame Level

Analysis

4. Immigrants face signi cant challenges accessthe complete LLM-generated narrative schemas
ing essential services due to language barriergorresponding to Fig. 4 are presented below in

despite some positive efforts by governmentyecreasing order of feature importance.
and advocates. o . _
1. Judicial decisions on gun laws spark con icts

5. Immigrants face signi cant challenges in between public safety advocates and constitu-

19






	Introduction
	Related Work
	Inducing Narrative Schemas
	Task Definition
	Constructing Narrative Chains
	Extracting Characters and Roles
	Structured Clustering
	Narrative Schema Attribution

	Evaluation
	Dataset
	Narrative Chains
	Narrative Clustering
	Schema Attribution Analysis
	Error Analysis

	Explainability Study
	Conclusion
	Character Group Identification Details
	Character Extraction
	Character Clustering Details
	Character Group Results

	Structured Clustering Details
	Constraint Definition
	Algorithm

	Narrative Schema Attribution Details
	Narrative Chain Sampling Strategy

	Dataset Details
	Framing Dimensions
	Dataset Sampling

	Evaluation Details
	Causality Evaluation Details
	Cluster Purity Details
	Feature Vector for Logistic Regression Model
	Best K Selection
	Intrusion Test Details
	Schema Analysis Details
	Sampling Strategy
	Qualitative Analysis

	Error Analysis Details

	Explainability Analysis Details
	Models
	Narrative Schemas for the Single Instance Study
	Narrative Schemas for Frame Level Analysis
	Additional Frame Level Analysis
	Crime and Punishment - Gun Control
	Cultural Identity - Immigration
	Economic - Immigration

	Domain Level Analysis
	Immigration
	Gun Control


	LLM Hyperparameters
	Compute Resources
	Structured LLM Outputs
	Characteristics of Annotators
	Use of Pre-Existing Artifacts
	Prompts

