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Abstract for PhD

Uncovering the Personality of Human Brands Through Deep Learning
Leila Yousefi, PhD
Concordia University, 2025

Brands today are built around people as much as products. Human brands invite social reading,
audiences respond to traits, intentions, and authenticity, not just to functional attributes. Thus,
tools designed for products do not fully capture how audiences read and respond to people,
especially celebrities. I develop a text-based personality measure for human brands by
integrating Aaker's brand personality framework with the Big Five personality traits. The
measure is trained on multiple language corpora using LIWC-style features and transformer
embeddings and evaluated with five-fold cross-validated mean accuracy scores. The results show
significant improvement over existing methods.

Chapter 2 of this study applies this measure to the film industry, testing the hypothesis
that persona-role congruence can serve as a predictor of box office revenues, particularly with
respect to recognition- and genre-specific influences. Outcomes are estimated for opening
weekend and domestic totals with rich controls and clustered standard errors. The results show
that persona-role congruence, on its own, is not predictive; it becomes informative only when
contextualized by genre and artistic recognition, which frame audience expectations. Genre sets
which traits matter (some reward congruence, others favor incongruence, some are indifferent),
while artistic recognition tends to reward stretch over sameness, reducing the payoff to holistic
congruence for recognized actors. In that context, congruence works chiefly as an early heuristic:

effects are stronger at opening weekend and often fade over the full run.
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In summary, the rigorous methodological framework developed throughout this work
proposes an innovative method to measure human brands on Big Five personality traits with
greater efficiency and accuracy and represents a substantial rethinking of how personality
assessments are conducted for human brands, particularly in the film industry. By combining
empirical measures with established psychological theories, the study provides an operational
tool and actionable insights for filmmakers and marketers on casting, positioning, and

communication decisions in an expectation-driven and time-sensitive market.
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Chapter 1: Development of a Personality Extraction Measure

1. Introduction

Brands have long been central to marketing practice and research, traditionally defined as names,
terms, symbols, or designs intended to identify and differentiate the goods or services of one
seller from those of others (D. A. Aaker, 1991; Brodie & De Chernatony, 2009; Keller, 1993;
Rowley, 2004; Webster et al., 2004). Within this classic view, brands serve primarily as
identifiers of products, encapsulating associations related to quality, value, and functional
benefits.

Over time, however, branding theory evolved to recognize that brands also carry
symbolic and emotional meanings that shape consumer perceptions and relationships (Escalas &
Bettman, 2005, p. 2006; Hammerl et al., 2016; Jamal & Goode, 2001; Thompson et al., 2006;
Xara-Brasil et al., 2018). Building on this evolution, scholars began conceptualizing brands as
possessing human-like characteristics, a development that led to the notion of brand personality
(J. L. Aaker, 1997; Grohmann, 2009). This framework posits that consumers perceive brands as
having distinct personality traits, much like individuals, which influence consumer preferences,
trust, and loyalty (J. L. Aaker et al., 2001; Brakus et al., 2009; Johar et al., 2005; Thomas &
Sekar, 2008; Udomkit & Mathews, 2015). Parallel to this development, the digital era and the
rise of social media have transformed branding practices by allowing individuals, such as
celebrities and influencers, to be marketed as human brands (Lunardo et al., 2015; Calvo-Porral
et al., 2021; Parmar & Mann, 2021, 2024).

This paradigm shifts from traditional product brands to human brands, exemplified by
celebrities, movie stars, sports icons, and influencers, has become increasingly prevalent in

marketing strategies. These emerging brands embody personal values and narratives that



resonate on a relational level with consumers, blurring the boundaries between professional and
private spaces (Eng & Jarvis, 2020; Kennedy et al., 2021; Morhart et al., 2015). This
demonstrates that branding is no longer merely about superior functional, tangible attributes; it
also encompasses the subjective, emotional connections consumers form with a brand
representative. Effective celebrity endorsements, for instance, can enhance the perceived value of
brands by transferring positive associations from the celebrity to the brand (Kutlu, 2022; Ozer et
al., 2022; Jun, 2024; Jabbar et al., 2024). Likewise, the notion of "being true to oneself," often
articulated through personal branding strategies, shown to cultivate consumer attachment by
fostering an image of sincerity and relatability that appeals to consumers’ desire for connection
and authenticity (Ilicic & Webster, 2016).

Taken together, this evolution underscores a broader shift in which human brands not
only cultivate their own reputations but also their decisions, public personas, and interactions
form part of a deliberate personal branding strategy that can directly affect perceived brand
equity, consumer attachment, and loyalty (Thomson, 2006; Wohlfeil & Whelan, 2012; Wohlfeil
et al., 2019; Osorio et al., 2020). This shift also transforms how I conceptualize brand meaning
and measurements, since existing methods often fail to capture the distinct, dynamic
characteristics of human brands adequately (Rushton & Irwing, 2008; Eisend & Stokburger-
Sauer, 2013; Eisend & Stokburger-Sauer, 2013).

Despite the growing prominence of human brands, no existing study has yet thoroughly
investigated the application of brand-personality frameworks to human brands. Given the proven
impact of such frameworks on brand extensions, co-branding, and customer attachment in
product brand context, this gap motivates a tailored measure that accounts for the unique aspects

of human brands. Classic brand-personality scales (Aaker), although extensively applied and



validated within product-centric setting, encounter limitations when adapted to human brands.
Thus, adapting and refining traditional brand personality framework for use with human brands
becomes not just relevant but essential.

Accordingly, the Big Five scale, which is one of the most widely used human personality
model in the psychology literature, provides a rigorous basis for assessing personality traits in
psychology and marketing, supported by strong reliability, validity, and cross-study
comparability (Goldberg, 1990; McCrae & John, 1992; Pervin & John, 1999). Adopting the Big
Five offers two advantages: (1) conceptual fit with human brands and (2) commensurability by
situating human-brand personality in the same trait space as other human entities.

However, there are practical measurement constraints to employing such frameworks.
For example, it is neither feasible nor scalable to ask human brands to complete standardized
surveys. One innovative approach to overcome this limitation is by leveraging extensive
secondary textual data (e.g., interviews, press coverage, social media, long-form profiles, scripts,
and related communications) which are abundantly available online, to infer personality
consistently and at scale.

To address this gap, I propose a unified, text-based deep-learning measure that maps
language to the Big Five personality measures within the brand-personality framework. In this
first chapter, I will delve into development of such method and proceed to validating the measure
on two datasets to establish construct coverage and benchmark its performance against existing
models. The significance of developing this new measure lies in its potential to enhance the
strategic management of human brands in several key areas: brand alignment, market
positioning, and audience engagement. By accurately assessing and articulating the personalities

of human brands, marketers can achieve a deeper, more resonant connection with audiences,



ultimately influencing brand loyalty and market performance. This frames my primary research
question about designing and validating this integrated measure for human brands.

Research Question. To design and validate a new text-based brand personality measure that

incorporate brand personality framework with the Big Five personality traits to effectively
capture the essence of human brands from their secondary textual data.

The framework aims to bridge the theoretical and practical disconnect between the
existing brand-personality concept and the distinctive attributes of human brands, offering a
more appropriate tool for marketers and brand strategists in the growing field of human-centric
branding. This chapter thus provides a reusable baseline for future applications and comparative
evaluations. In the next chapter, I demonstrate a practical application of this measure in film,
where actor personalities may predict audience response and impact market outcomes, providing
a baseline for future applications. Together, these steps turn a conceptual gap into a testable
model with clear success criteria.
2. Literature Review
Celebrities’ capacity to shape consumer perceptions and behavior significantly extends their
impact beyond mere entertainment into influential human brands, making them pivotal in
modern marketing strategies (Keel & Nataraajan, 2012; Luo et al., 2010). Celebrities have
become pivotal in endorsements, leveraging their personal credibility and popularity to shape
consumer perceptions and stimulate purchase intentions and drive brand loyalty, particularly in
culturally resonant markets (M. Yang & Roskos-Ewoldsen, 2007; Pradhan et al., 2016;
Nnamocha & Chukundah, 2018).

The success of celebrity endorsements in elevating brand awareness and driving

consumer purchase intentions hinges on several factors, including the celebrity's credibility, the



congruence between the celebrity and the product, and their engagement with the brand (Thomas
& Sekar, 2008; Choi & Rifon, 2012; Dikcius et al., 2013; Bang et al., 2014; Kang & Choi, 2016).
Their ability to authentically engage with audiences makes them valuable assets for brands
aiming to enhance visibility and loyalty (Jun, 2024; Schouten et al., 2020, 2021; Till et al.,
2008).

While the effectiveness of celebrity endorsements is well documented; with companies
leveraging celebrities’ authenticity and expertise to shape consumer perceptions and attitudes,
enhance brand popularity, and drive loyalty (Pradhan et al., 2016), a considerable research gap
remains in adapting traditional, product-focused branding models to human brands.

Consequently, despite extensive research on non-human brands' personality traits and
their impact on consumer responses to marketing efforts, the application of these models to
human brands has not been thoroughly explored. This lack of research indicates a critical need
for a deeper examination into how existing brand personality frameworks can be tailored for
celebrity.
2.1. Application of Personality Models in Human Brands
The assessment of brand personality has relied on Aaker's Brand Personality Frameworks,
introduced by Jennifer Aaker in 1997, which categorizes brand traits into five overarching
dimensions: Sincerity (honesty and genuineness), Excitement (youthful and spirited),
Competence (reliable and intelligent), Sophistication (elegant and prestigious), and Ruggedness
(tough and robust). These dimensions are foundational in characterizing how consumers perceive
a brand emotionally and culturally.

In the evolving landscape of brand personality assessment, traditional Aaker’s

framework, while foundational, is insufficient alone for capturing the depth and complexity of



human-like traits effectively that are critical in today's consumer landscape. This necessitates an
integrative approach, employing multi-dimensional evaluative models that encompass emotional,
psychological, and personality-driven factors, fostering more effective consumer-brand
relationship strategies (Markovi¢ et al., 2022; Ramaseshan & Stein, 2014).

An influential alternative highlighted in the literature is the Big Five personality traits
framework (Goldberg, 1990), which is extensively used in psychology to describe human
personality. The Big Five model, comprising traits of extraversion, agreeableness,
conscientiousness, neuroticism, and openness, has been shown to correlate with consumer
preference, trust and loyalty, offering a more nuanced approach to understanding consumer
preferences (Azzahra et al., 2024; Becker et al., 2012; Cherdchu & Chambers, 2013; Fujiwara &
Nagasawa, 2015; Mulyanegara et al., 2009; Tseng et al., 2022).

Additionally, studies have suggested that the Big Five traits influence numerous aspects
of consumer behavior beyond loyalty, such as ad appeal engagement and the sharing of branded
content (Kulkarni et al., 2019). Research also indicates that these personality dimensions
significantly shape consumer behavior, particularly in terms of brand attachment and loyalty
(Damaschi et al., 2025; Matzler et al., 2006). This framework captures a broader range of
psychological nuances that are related to brand trust, preference, and the emotional resonance
that brands evoke in individuals (Purnamabroto et al., 2022).

Consequently, developing a personality assessment tool grounded in the Big Five theory
has the potential to enhance celebrity brand assessments. Given that celebrity endorsements often
leverage personality traits to forge connections with consumers, aligning celebrity brand

personalities with consumer preferences through the Big Five framework could yield significant



insights into brand loyalty and consumer behavior (Chaudhuri & Holbrook, 2001; Maehle &
Shneor, 2010).

Furthermore, studies on coherent mapping between Aaker’s dimensions and the Big Five
traits, provide a solid foundation for developing a more comprehensive method for human brand
personality detection, correlating sincerity with agreeableness, excitement with extraversion, and
competence with conscientiousness (Arora et al., 2021; Lin, 2010; Mulyanegara et al., 2009;
Udomkit & Mathews, 2015). As suggested by Dik¢ius et al., various dimensions of human
personality, represented by the Big Five model, can be mapped to brand personality dimensions,
offering a framework through which brands can enhance consumer connection and loyalty
(Dikcius et al., 2013).

This model seamlessly combines the psychological depth of the Big Five with the
market-oriented insights of brand personality framework, offering a comprehensive approach
that enhances the accuracy and applicability of personality assessments in celebrity branding. By
incorporating this model, the analysis of human brand personality benefits from both the
empirical robustness of the Big Five and the strategic insights of Aaker’s framework, ensuring a
thorough and effective evaluation of celebrity brands in the context of consumer interaction and
market dynamics. This dual approach not only enriches the theoretical underpinnings but also
bolsters practical applications in branding and marketing.

2.2. Technological Advancements in Personality Assessment

The integration of deep learning and Natural Language Processing (NLP) technologies into
personality assessment has ushered in a new era of enhanced accuracy and depth for
understanding personality traits. These technologies are able to process and analyze vast amounts

of unstructured text data from social media and other digital platforms, providing opportunities



to identify intricate patterns and nuances related to human personality, which addresses some
limitations of traditional assessment methods. These technologies excel at processing large
datasets of unstructured text frequently found on digital platforms, where human brands often
interact.

Research by Sikstrom et al. (2024) emphasizes how NLP methods can facilitate more
objective personality assessments by analyzing everyday language and communication styles,
thereby reducing the impact of cognitive biases often present in self-report measures. NLP
methodologies are particularly influential in identifying emotional content and sentiment within
textual data. Researchers like Markon et al. (2005), have articulated methods for analyzing
emotional undertones in communications, which can be crucial for developing models that assess
personality traits and emotional states. This capability is critical for creating accurate models
based on a variety of textual inputs ranging from casual social media interactions to more formal
communications.

The lexical hypothesis, first articulated by Galton (1950), serves as a foundational
principle for these advancements, positing that language usage can reflect significant personality
traits. Yoon et al. (2024) indicates that natural language can be effectively analyzed to quantify
personality traits from linguistic statistics derived from daily interactions. This concept aligns
with findings from Azkhosh et al., (2020), which discuss how machine learning approaches can
enhance personality assessment. By analyzing this rich data, deep learning and NLP models can
identify complex patterns and nuances in data, significantly reduce the impact of human biases
and cognitive fallacies, which are essential for accurately deciphering the intricate personality

aspects that traditional models might overlook (Bleidorn & Hopwood, 2019; F. Hu & Trivedi,



2020; “Machine Learning Approach to Personality Assessment and Its Application to Personnel
Selection,” 2021).

Machine learning algorithms have been increasingly utilized in personality assessment,
enabling automated data extraction, cross-validation, and predictive modeling, enhancing both
the process and its outcomes. Recent studies have demonstrated the effectiveness of deep
learning-based methods in extracting personality traits by minimizing the need for manual
feature engineering and the adoption of linguistic (Abdurahman et al., 2024; Azzahra et al.,
2024; Devlin et al., 2018; Leonardi et al., 2020).

NLP methods have proven instrumental in extracting emotional content, sentiment, and
personality traits from textual data, including social media posts (Islam et al., 2024). These
techniques are critical for successful personality trait prediction models, highlighting the
importance of linguistic cues for automatic personality recognition in accurately assessing
personality traits in conversation and text data (Deb et al., 2021; Mairesse et al., 2007; Miller et
al., 2019).

Research leveraging NLP has effectively derived personality profiles from online
interactions, demonstrating how linguistic patterns correlate with recognized personality
frameworks such as the Big Five traits. Studies have shown that specific linguistic cues in social
media posts and digital communications can significantly predict personality traits, aligning well
with established models like MBTI Personality dimensions and the Big Five (Golbeck et al.,
2011; Khan et al., 2020; Schwartz et al., 2013). Additionally, machine learning algorithms have
also been used to predict Big Five personality traits from Arabic tweets, demonstrating the

effectiveness of these techniques in analyzing social media textual data (Alsubhi et al., 2023).



The synergy between machine learning and traditional personality scales has enriched my
ability to interpret complex datasets. This integration adapts dynamically to the evolving ways
people communicate online, ensuring that personality assessments are both accurate and
relevant. This dynamic adaptability is essential for maintaining the accuracy and applicability of
personality assessments in diverse digital environments (Arora et al., 2021; Tirunillai & Tellis,
2014). Moreover, the application of deep learning facilitates continuous updates and refinements
in personality assessment models, allowing them to evolve with the changing patterns of online
communication. The ongoing adaptation of these models is supported by further research that
applies text mining techniques to reveal brand associations and their evolutions in user-generated
content, enhancing my understanding of how brands and individual personalities are perceived
and interacted with online (Paschen et al., 2017; Ranfagni et al., 2021).

In summary, the combination of deep learning and NLP not only improves the accuracy
and efficiency of personality detection methods but also ensures that these techniques are
adaptable to the rapidly changing landscape of digital communication. As these technologies
continue to evolve, they promise to further enhance my understanding of personality dynamics,
offering more personalized and precise analytics for both research and practical applications in
various fields.

This review underscores the transformative role of advanced computational techniques in
personality psychology, setting the stage for future innovations that could redefine how |

understand and interact with digital personas.

3. Methodology

This study builds a supervised NLP approach for measuring human-brand personality, leveraging

the Big Five and brand-personality models and validating it on text corpora. The pipeline
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employs deep learning techniques by combining closed-vocabulary features with open-
vocabulary embeddings, trains per-trait classifiers, and evaluates with five-fold cross-validation,
using macro-F1 accuracy as the main metric. Utilizing two distinct datasets, "Essays 1", and
"MyPersonality" for training and validation, this research rigorously applies machine learning
algorithms to distill and measure these traits from extensive unstructured text.

3.1. Data Sources

My methodology incorporates a comprehensive analysis of the Aaker and Big-Five personality
traits through textual data from two datasets: "Essays I," and "MyPersonality":

Essays I Dataset, compiled by Pennebaker and King (1999), includes 2,468 anonymous
essays annotated with the authors' self-reported Big-Five traits. These essays provide rich,
qualitative data for linguistic analysis, essential for developing models that map textual features
to Big-Five personality traits. Quantitatively, the corpus comprises around 1.66 million words
(total tokens = 1,658,317), with a mean of 672 words per essay (median 648), and a vocabulary
of 30,043 unique tokens.

MyPersonality Dataset, compiled by Stillwell and Kosinski (2012), features user
responses from a Facebook application's personality questionnaire. It bridges self-reported
personality traits with natural language use on social media, offering insights into how
personality is projected online. At corpus scale, the sample contains 9,917 posts and around
148,673 words in total (mean 15 words per post; median 11), with 15,529 unique tokens.

3.2. Data Integration and Advanced Preprocessing
The methodology begins with standardizing text across datasets and merge features needed for
model training. I employed comprehensive text preprocessing, using both basic and advanced

techniques to refine and enrich the text data. Key steps include:
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3.2.1. Data Augmentation

Model performance in NLP depends heavily on the quantity and diversity of training data.
Because many corpora used in personality-trait analysis lack linguistic variety, I applied
meaning-preserving data augmentation to increase textual richness while preserving the semantic
integrity of the original text (Feng et al., 2021; Gokhale et al., 2022; Kapusta et al., 2024; Wang
et al., 2024). Among common approaches, back-translation and random word insertion/deletion
can generate variation but often introduce subtle semantic drift or unnatural phrasing. In contrast,
I adopted synonym replacement as a more controlled method.

My implementation substitutes selected words with contextually appropriate synonyms
drawn from the WordNet lexical database. To prevent semantic distortion, I cap the number of
substitutions per sentence and exclude sensitive tokens (e.g., proper nouns and domain-specific
terms). For example, the sentence “She is a happy and friendly person,” could be augmented to
the new “She is a joyful and sociable person.” The augmented version and original one carries
the same meaning but lexically they are different.

This controlled modification process expands lexical variety without altering the underlying
sentiment or trait-relevant information. Practically, when the corpus contained repetitive wording
(e.g., frequent use of “happy”’), synonym replacement broadened the distribution into variants
(“joyful,” “cheerful,” “delighted”), yielding a richer dataset that improves model robustness and
generalization without sacrificing accuracy or relevance.

3.2.2. Data Balancing
Class imbalance arises when certain classes are represented disproportionately, biasing models
toward majority labels and degrading performance for minority classes (Haibo He & Garcia,

2009). In personality-trait text analysis, such skew can compromise predictive reliability. For
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example, in my datasets, Extraversion appears more frequently than Introversion, introducing a
systematic imbalance in training.

Multiple strategies exist to mitigate this issue. Oversampling (e.g., duplicating minority
samples or SMOTE) can increase minority representation but risks overfitting and adding
artificial noise. Class weighting adjusts the loss to penalize minority-class errors more strongly
but may underperform when textual diversity is low. Undersampling reduces majority-class size
to restore balance but can cause information loss if applied indiscriminately.

I therefore adopt a selective undersampling strategy that prioritizes removal of the
shortest, least informative texts from overrepresented classes, reducing redundancy while
preserving data richness. Because traits can co-occur in a multi-label setting, undersampling is
applied under multi-label constraints: at each step I monitor the full trait distribution and limit
unintended shifts in non-target traits. For illustration, if the dataset contained 10,000
Extraversion-labeled samples but only 2,000 with Openness, selective undersampling trims the
majority class by removing the shortest Extraversion texts, improving balance while maintaining
sufficient variety for robust training.

This length-aware, constraint-guided undersampling mitigates imbalance while
preserving text quality, yielding a fairer distribution across traits, and improving model
generalization and reliability on all five dimensions.

3.2.3. Data Cleaning

Textual data is inherently messy, often containing inconsistencies, noise, and variations that can
hinder effective analysis. The goal of data cleaning is to preprocess text in such a manner that
facilitates better insights and model performance. Data cleaning includes comprehensive text

cleaning performed to ensure the quality and consistency of the data. This phase includes
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tokenization; normalization; stop-word removal; lemmatization; named entity recognition
(NER); and part-of-speech (POS) tagging.

Tokenization is the initial step in text cleaning, which involves breaking down text into
smaller units, commonly referred to as tokens. Tokens can be individual words, phrases, or
sentences, depending on the granularity required for subsequent analysis (Manning et al., 2008).

Normalization refers to the conversion of textual data into a standard format to facilitate
uniformity across the dataset. This typically involves converting all text to lowercase and
removing punctuation and special characters to ensure uniformity (Sproat et al., 2001).

Stop-words are commonly occurring words in a language that often do not contribute

nmn

significant semantic meaning to the overall content (e.g., "the," "is," "and"). By eliminating stop-
words, the meaningfulness of the remaining tokens can be amplified, thereby focusing analysis
on more relevant terms (Biber & Quirk, 2012).

Lemmatization is a linguistic process that reduces words to their base or root form
considering the context of a word, ensuring that variations are converted to a meaningful base
form (e.g., "ran" becomes "run") (Harris, 1954; Plisson et al., 2004) to standardize variations and
improve the consistency of the text data.

Named Entity Recognition (NER) is a specialized technique that identifies and categorizes
key entities (e.g., names, locations, organizations) within the text to enhance the understanding
of context and relevance (Nadeau & Sekine, 2007).

As finally Part-of-Speech tagging which assigns labels to words based on their grammatical

roles in a sentence (e.g., noun, verb, adjective) to provide deeper linguistic insights and improve

the analysis of sentence structure and meaning (Manning & Schitze, 1999).
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3.3. Data Splitting and Embedding
All machine learning pipelines begin with data partitioning; I create train, validation, and test
splits that reflect true class distributions. I then derive compact text representations using
complementary embedding strategies that capture both contextual meaning and interpretable
linguistic cues. These preparations set the stage for the modeling and evaluation steps that
follow.
3.3.1. Data Partitioning
Effective model development in NLP depends on partitions that reflect the true class distribution
of the population. I therefore used stratified sampling to construct training, validation, and test
sets whose label proportions mirror the full corpus, improving robustness and out-of-sample
generalization (Kohavi, 1995; H. Liu & Motoda, 2007). For multi-label settings, I applied
iterative stratification to preserve per-label and label-co-occurrence frequencies, and 1 fixed
random seeds and enforced group-wise splits to prevent leakage when multiple texts originated
from the same source.
3.3.2. Embedding and Feature Extraction Techniques
The complexity of human language necessitates the use of advanced techniques for converting
textual data into formats suitable for machine learning algorithms. Among these techniques,
BERT (Bidirectional Encoder Representations from Transformers) Embeddings and LIWC
(Linguistic Inquiry and Word Count) Feature Extraction have gained prominence.

As the final step of data preparation, I derive model-ready text representations using
BERT embeddings and LIWC features. BERT provides dense, context-aware vectors, while
LIWC maps words to psychologically grounded categories. Integrating these open- and closed-

vocabulary signals yields a compact, comprehensive representation for downstream modeling.
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BERT, developed by Devlin et al. (2019), employs the transformer architecture to
produce dense vector representations (embeddings) of words that capture their contextual
semantics. Unlike traditional methods such as Word2Vec or GloVe that generate static
embeddings, BERT achieves dynamic representations by considering the surrounding words in
each context. This facility allows BERT to disambiguate meanings based on context and to
understand complex relationships and structures present in text.

BERT Embeddings was used in my model to generate dense vector representations that
capture the semantic properties of words, thereby facilitating sophisticated analyses of text, such
as my classification task.

In parallel, I employed LIWC (Linguistic Inquiry and Word Count) Feature Extraction as
a valuable tool for feature extraction that categorizes words into predefined linguistic categories.
Originally developed by Pennebaker et al. (2015), LIWC provides insightful psychological,
biological, and grammatical analyses by quantifying various linguistic components. This method
offers a lens into the emotional and cognitive aspects of communication, thus allowing us to
explore psychological states or traits reflected in language.

LIWC's linguistic categories, such as affect, cognition, and social processes, can help
unveil the underlying psychological constructs associated with textual data, facilitating analyses
relevant to mental health, relationships, and social behavior (Tausczik & Pennebaker, 2010). By
integrating LIWC features into my textual analysis framework, I enhanced the understanding of
psychological dimensions embedded within language use.

This integrative approach helps my final model to overcome the limitations inherent in
either technique when employed independently. While BERT excels in understanding context

and generating nuanced representations, LIWC provides structured psychological categories that

16



can complement the depth of BERT embeddings. Consequently, this synthesis has the potential
to facilitate more nuanced and accurate interpretations of text data (Biggiogera et al., 2021;
Eyrikaya & Dag, 2025, p. 2025; Maharjan et al., 2025; Tavabi et al., 2021).

By integration of BERT embeddings with LIWC feature extraction I created a robust
methodology that takes advantage of both open-vocabulary and closed-vocabulary approaches.
This dual strategy not only allows us for a deep linguistic understanding through contextual
embeddings but also incorporates psychological insights rendered through LIWC’s rigid
categorical framework. By uniting these methodologies, my final model could benefit from a
comprehensive analysis that yield richer semantic and psychosocial insights.

3.4. Model Selection and Training

For each personality trait, I trained a set of supervised classifiers using the feature
representations described earlier (LIWC-style features and BERT embeddings). my goal was to
balance accuracy, interpretability, and robustness across heterogeneous signal types, so |
evaluated a diverse family of models under a common protocol (five-fold CV; within trait
macro-F1 primary, across trait macro-F1 supplementary).

First, I started with fitting base learners, including logistic regression, support vector
machines (SVM), random forests, gradient boosting machines (GBM), XGBoost, and multilayer
perceptrons (MLP). This diverse set of algorithms was chosen to ensure both accuracy and
versatility in predictive modeling.

Logistic regression, widely used for binary classification, was included for its simplicity
and interpretability (Cheever & Weiss, 2009). SVMs were employed given their strong
generalization performance across classification and regression tasks (Steinwart & Christmann,

2008). Decision trees and random forests provided interpretable yet robust ensemble-based
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classifiers, with the latter improving predictive accuracy by aggregating multiple trees (Breiman,
2001; Song & Lu, 2015). GBM and XGBoost, both sequential ensemble methods, were used for
their capacity to iteratively correct errors and achieve state-of-the-art performance in structured
data tasks (AlDahoul et al., 2023; Meharie et al., 2022). Finally, MLPs, as a class of neural
networks, were utilized for their ability to capture complex, nonlinear patterns through
backpropagation and optimization (Gardner & Dorling, 1998; Murtagh, 1991).

I then estimated a stacking ensemble that combines GBM and XGBoost as base models,
with a logistic-regression meta-learner to aggregate their predictions. This leverages
complementary inductive biases and typically improves stability and accuracy over any single
model. Hyperparameters used library defaults with light cross-validation checks; a full grid
search is planned but not included in the current code.

3.4.1. Hyperparameter Tuning

Hyperparameter tuning is a critical aspect of optimizing machine learning models, and in this
study, I utilized Grid Search, which systematically explores a pre-defined grid of hyperparameter
values to identify the optimal settings for each algorithm. This method ensured that my models

achieved peak performance (Bergstra & Bengio, 2012; Kohavi, 1995).

3.4.2. Ensemble Learning

To enhance the accuracy and stability of my predictive models, I implemented ensemble learning
techniques, specifically focusing on a stacking classifier. This approach advanced aggregates
predictions from multiple base models using logistic regression as the final estimator to
synthesize the outputs, typically delivering more accurate outcomes than any individual model

(Sagi & Rokach, 2018). By aggregating diverse predictive signals, the stacking classifier
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enhances overall accuracy and provides a robust solution by leveraging the unique strengths of

each base model.

3.4.3. Cross-Validation
To ensure the robustness of my predictive models, I adopted k-fold cross-validation as a method
for validating model performance. Dividing the dataset into 'k' partitions allows each segment to
be used as a test set while utilizing the remaining segments for training, thereby enabling every
sample to contribute to both training and validation phases. I opted for five-fold cross-validation
to achieve an optimal balance between comprehensiveness and computational efficiency
(Browne, 2000). This technique is instrumental in mitigating bias and variance in performance
estimates, thereby fostering the development of reliable models.
3.5. Choosing Model Evaluation Metric
In selecting an evaluation metric, I compared precision, recall, and F1-score for classifying the
Big Five traits. Precision is preferable when false positives are costly, whereas recall is critical
when missing true positives has higher consequences. The F1-score, the harmonic mean of
precision and recall, provides a single measure that balances both and is particularly appropriate
for personality assessments that require balancing misses and false alarms.

Because error costs are symmetric in my setting, but class frequencies can be imbalanced,
I designate macro-F1 as the primary metric. Macro-F1 computes an F1 score per class (within
each trait) and then averages equally across classes, ensuring that no majority class dominates
the score. I also report across the five traits macro-F1 as a complementary summary. All metrics
are reported under five-fold cross-validation, which helps balance bias and variance and

mitigates the effects of uneven class distributions (Chung, 2017; Finkelstein et al., 2021; Ishizaka
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et al., 2024; Maitin et al., 2020; Pendyala & Kim, 2024) (Pendyala & Kim, 2024; Finkelstein et

al., 2021; Ishizaka et al., 2023; Maitin et al., 2020; Chung, 2017).

3.6. Summary
To recap, in this research, three complementary technological layers are employed: Natural
Language Processing (NLP), Deep Learning (DL), and Machine Learning (ML).

NLP (Section 1.3.2) provides the foundation by converting raw text into analyzable input
through cleaning, normalization, tokenization, lemmatization, stop-word removal, and the
extraction of linguistically and psychologically grounded features (e.g., affective, cognitive, and
social markers). These steps standardize inputs for downstream modeling.

Building on this, DL (Section 1.3.3) provides context-aware representations via neural
architectures (e.g., BERT). These embeddings capture semantic dependencies and nuances
beyond surface lexical counts (for example, mapping idiomatic phrases such as “I am over the
moon” to heightened positive affect) thereby enriching the representational space for trait
inference.

Finally, ML (Section 1.3.4) serves as the primary predictive layer. Supervised algorithms
learn statistical associations between these representations (closed-vocabulary LIWC features
and open-vocabulary DL embeddings) and established psychological constructs (Big Five),
turning subjective inference into scalable, data-driven prediction.

In sum, NLP delivers preprocessing and feature extraction, DL contributes advanced
contextual representations, and ML performs prediction. Together, these layers form an
integrated framework for automated personality trait extraction from natural language.

This structured and methodical approach culminated in an insightful and empirically

grounded interpretation of personality traits as expressed through language. The integration of
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diverse datasets and rigorous preprocessing, combined with advanced text analysis and
sophisticated machine learning techniques, ensures a comprehensive and robust analysis of
personality traits from text. The subsequent results will highlight the effectiveness of my models
in interpreting personality traits and demonstrate the practical implications of my research in
personality trait analysis. Below you can find the end-to-end pipeline for my proposed

framework for human brand personality inference from text.

Data Source Registry

Essays | Datasst MyPerscnality Dataset Aaker Dataset

Data Preprocessing

Text Cleaning:
- Lowercasing
- Removing Numbers
- Punctuation Removal . )
L Data Augmentation Data Balancing
- Tokenization
- Stop-word Removal
- Stemming
- Filtering Short Texts

Feature Extraction

Dictionary-Based Analysis:

- LIWG Word Embeddings:

it BERT
- Brand Personality Dictionary
Model Development
Model Selection:
- Logistic Regression
- SVM Hyperparameter Tuning: Ensembling Method: o
Cross-Validation

- Random Forest - Grid Search - Stacking

- MLP
- Gradient Boosting

Figure 1. End-to-end pipeline for text-based personality modeling
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4. Results
This section compares seven classifiers on human-brand text across the Big Five traits (cEXT,
cNEU, cCON, cOPN, cAGR). I report macro-F1 averaged over five-fold cross-validation as the
primary metric in the main text; supporting diagnostics (precision, recall, support, micro-F1, and
accuracy) appear in the Appendix for transparency. Because prior studies also report trait-wise
results, I summarize those for qualitative comparison.
4.1 Analysis of Big Five Personality Traits
Across traits, the Stacking classifier is consistently best on macro-F1 and exhibits low cross-trait
variability (SD = 0.57). The Voting classifier is the strongest non-stacking baseline. For
Extraversion, stacking attains 73.56 macro-F1, an 8.00-point gain over the best non-stacking
alternative (Voting, 65.56). For Neuroticism, stacking reaches 73.35 versus Voting’s 67.09
(+6.25). For Conscientiousness, stacking posts 74.13 versus 67.25 (+6.88). For Openness,
stacking records 74.35 versus 68.71 (+5.64). For Agreeableness, stacking delivers 72.76 versus
70.00 (+2.76).

Averaged across traits, mean macro-F1 is 73.63 for stacking, 67.72 for Voting, 62.52 for
Random Forest, 62.18 for MLP, 61.39 for SVM, 61.20 for Gradient Boosting, and 58.70 for
Logistic Regression. Alternative baselines remain in the Appendix for robustness, ablations, and

sensitivity checks. Table 1 reports trait-wise macro-F1 by model (five-fold CV) for the Big Five.

Estimation results

Model cEXT ¢NEU ¢CON cOPN ¢AGR Across Traits

(Macro-F1)
Logistic Regression 58.12 59.39 62.20 57.59 56.18 58.70
SVM 61.61 62.21 60.73 63.33 59.05 61.39
Random Forest 59.87 65.18 64.51 62.05 60.99 62.52
Gradient Boosting 61.57 61.29 61.34 62.86 58.94 61.20
MLP 60.49 64.89 62.72 62.15 60.62 62.18
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Voting Classifier 65.56 67.09 67.25 68.71 70.00 67.72
Stacking Classifier 73.56 73.35 74.13 74.35 72.76 73.63

All values are macro-F1, %.
Table 1. Trait-wise macro-F1 (five-fold CV) and across-traits macro-F'1

4.2. Comparative Analysis with Previous Studies

In evaluating the effectiveness of my machine learning models for personality analysis, it is
crucial to compare my results with existing studies to contextualize my advancements in
predictive accuracy. To contextualize my model performance, I compare trait-wise macro-F1 to
representative text-based models. Because datasets, labels, and splits differ, these serve as
qualitative context, not protocol-matched benchmarks. Relative to published text-based
personality models, my macro-F1 scores are directionally higher. Table 2 presents the cross-

paper macro-F1 comparison, and Figure 1 plots trait-wise macro-F1 across studies.

Estimation results

Paper \ Trait EXT NEU CON  OPN AGR A;,’:;’)grer
Majumder et al., 2017 5514 5653 5519  59.79  56.74  56.68
I S I I R
Kazemimi et al., 2020 56.06 55.68 5546 5596  56.03  55.84
Mehta et al., 2020 5761 60.11 5608 5646 58.09  57.67
Tinwala & Ramiyar, 2021 60.32 61.18 60.62 5885 60.16  60.23

Table 2. Cross-paper Average model performance comparison for the Big Five
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Comparison of Model Performance by Trait
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Figure 2. Trait-wise performance across prior studies and this study

The results of my model demonstrate noteworthy advancements over previous studies in
the field of personality trait prediction. Relative to Tinwala & Rauniyar (2021), the
improvements are 73.03% vs 60.52% for Extraversion (+12.51 pp), 73.41% vs 61.11% for
Neuroticism (+12.30 pp), 74.40% vs 60.62% for Conscientiousness (+13.78 pp), 72.88% vs
58.46% for Openness (+14.42 pp), and 73.62% vs 60.16% for Agreeableness (+13.46 pp),
averaging +13.29 percentage points across traits. Again, these are directional because protocols
differ.

When comparing overall performance across traits, my model achieved an average
accuracy of 73.46%, a clear improvement over the range of 56% to 61% observed in earlier
research. These findings highlight the effectiveness of my approach, underscoring the
advancements in accuracy and practical applicability that my methodology brings to the field.
Through enhanced modeling techniques, my work represents a step forward in achieving reliable

personality trait predictions for real-world applications.
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S. Discussion

Beyond raw scores, the question is what the estimates mean for research and practice on human
brands. The text-based measure yields reliable macro-F1 across all five traits, with the largest
gains for Openness and Conscientiousness. Because macro-F1 weights classes equally within
each trait, it matches my symmetric error-cost assumption and prevents majority classes or traits
from dominating headline results. The low cross-trait variability for the top model (Stacking; SD
~0.57) suggests stability suitable for downstream use.

Two patterns in my results point to a complementary-signal view: (i) models using
contextual embeddings outperform those relying only on shallow lexical categories, and (ii) the
largest gains occur for Openness and Conscientiousness, traits with context-rich linguistic cues.
This is consistent with prior findings that transformers capture idioms and long-range
dependencies, whereas LIWC supplies interpretable affect, social, and cognitive categories.
(Devlin et al., 2018; Sagi & Rokach, 2018; Tausczik & Pennebaker, 2010). The meta-learner in
stacking exploits this complementarity, down-weighting regions where base models disagree and
emphasizing areas of consensus. This mechanism is consistent with the observed +5—8 pp gains
over the strongest non-stacking baseline on four traits (and around +3 pp on Agreeableness).

Trait-level differences are informative. The strongest improvements appear for Openness
and Conscientiousness, traits that exhibit clearer linguistic correlates (e.g., variety/novelty
expressions; planning/organization markers) that contextual models can represent well.
However, the result indicate that the model performance is still lower for Agreeableness whose
linguistic signals are diffuse or culturally contingent, consistent with its more diffuse, politeness-
and culture-dependent language signals; pragmatic markers (hedging, mitigation, stance-taking)

may be more sensitive to platform norms, topic mix, and register than to stable persona.
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Compared with aforementioned text-based models, my trait-wise macro-F1 levels are
directionally higher. However, as mentioned before, because datasets, labels, and split protocols
differ, | treat cross-paper comparisons as contextual rather than protocol-matched. Substantively,
the pattern reinforces two points in the literature: (i) naturally occurring language encodes usable
trait cues, and (i1) combining contextual embeddings (Bert) with interpretable lexicons (LIWC)
improves recovery of those cues relative to single-signal approaches.

Considering the big picture, the findings imply that if text encodes stable trait cues,
celebrity brand positioning and audience response can be studied with a level of granularity
previously limited by measurement cost (Grunenberg et al., 2023; Kim et al., 2017). The
personality prediction model enables: (i) screening of candidate endorsers or cast members, (ii)
monitoring of persona drift over time, and (iii) diagnosing persona-context fit before campaign
or release. This interpretation links the measurement advance here (Chapter 1) to the market-
response tests later. In my thesis, this substantive implication is evaluated later in Chapter 2 in
movie industry setting.

6. Contribution to Knowledge

This study advances human-brand research by introducing a scalable, text-based measure that
integrates foundational personality theory with modern NLP to infer Big Five traits from
naturally occurring language. Grounded in established psychology and implemented with
contemporary models, the approach converts public text into trait estimates validated using
macro-F1 under five-fold cross-validation. The result is a lower-cost, lower-latency assessment
of person-level traits and a replicable infrastructure for analyzing how human-brand personality

relates to market contexts, developed in Chapter 2.
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6.1. Theoretical Contributions

This study advances personality assessment for human brands by inferring the Big Five
(Openness, Conscientiousness, Extraversion, Agreeableness, Neuroticism) from public text using
modern NLP. This methodological shift bridges personality psychology and consumer behavior
by treating linguistic signals as carriers of relatively stable trait cues, enabling scalable, text-
based inference at low cost and high pace (Moreno et al., 2021; H. Peters et al., 2024; Youyou et
al., 2015).

Conceptually, the work clarifies why the Big Five provide a more appropriate lens for
human brands than product-oriented brand-personality scales. Aaker brand-personality scale
remains invaluable for organizations and goods, but when applied to people they can blur
construct boundaries with brand imagery. Assessing human brands directly on Big Five traits
better captures the essence of human brands, yields a theory-consistent representation of person
traits, and reduces construct bleed.

Furthermore, using the Big Five to assess human-brand personality yields
commensurable measures across studies. Because the Big Five define a human-centric trait
space, assessments place entities in a common coordinate system where similarity, distance, and
alignment are well defined. This makes congruence (whether between a celebrity and a role; an
influencer and audiences; or two collaborators) straightforward to operationalize as comparisons
within the same trait space, typically as distances or absolute differences along the five
dimensions. This commensurable structure resolves the mismatch that arises when person-level
constructs are forced into product-centric descriptors and provides a clearer bridge from

personality theory to market-response models.
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At the measurement level, the study advances Big Five assessment from text. By
combining interpretable lexical features (LIWC) with context-aware embeddings (BERT) and
training them with a complementary set of classifiers integrated via stacking, the pipeline
captures both pragmatic nuance and psychologically grounded categories within a single
estimation framework. The resulting framework improves predictive validity, reported as higher
macro-F1 than prior work baselines across all five traits and provides an auditable, refreshable
measurement layer that can be extended across domains and over time. In the context of celebrity
branding, this constitutes a more precise and reliable operationalization of human-brand
personality than existing text-based approaches that rely on a single modeling paradigm.

It is also worth mentioning that the applications of models developed in this chapter can
extend well beyond celebrities, human-brands, and following showcases in chapter 2. These
models are trained and validated to infer personality traits from any source of big data, which can
be used by researchers from various social science fields to interpret personality of social media
users, fans, consumers, and online entities for whom textual data are available. With the ever-
increasing amount of such data, my model has the potential to contribute to academic research
where similar methodological tools are needed.

6.2. Managerial Contributions

For practice, the measure provides transparent, theory- consistent trait profiles that help talent
and their teams articulate and steward public personas with clear directional cues grounded in the
Big Five. For marketers and strategists, the same profile template support more precise
deployment of human brands in co-branding and endorsement decisions, audience targeting, and

message framing, as well as early screening for potential misfit before launch.
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Because inference is text-based, the system operates at a speed and cadence unattainable
with surveys yet remains transparent by reporting macro-F1 as the headline metric (with
complementary diagnostics reported in the Appendix). Together, these properties enable
decisions tied to engagement, positioning, and purchase intention/behavior without sacrificing
interpretability or governance.

Taken together, the theoretical and managerial contributions provide a coherent
foundation for studying human-brand personality at scale and for relating trait estimates to
contextual performance. The next section outlines the study’s limitations and proposes avenues

for future work.

7. Limitations and future works

The integration of digital text into personality detection models presents several challenges that
may lead to biased or unstable estimates of individual traits. These challenges arise from
heterogeneity in cultural context, language use, and data quality. Prior research demonstrates that
the digital corpora used to train such models often embed systematic biases that can distort
personality predictions (Hashimoto & Oshio, 2024; Thalmayer et al., 2022). Individuals with
limited engagement in public discourse may receive "noisy" or unstable trait evaluations,
reflecting the unequal representation within training datasets.

Cultural context plays a crucial role in shaping personality signals, as language and
topical variations can significantly impact how traits are expressed and interpreted. Lexical cues
associated with the Big Five personality traits (Openness, Conscientiousness, Extraversion,
Agreeableness, and Neuroticism) are sensitive to both linguistic differences and the norms
governing their usage across different societal contexts; this variance demands careful

consideration of personality assessment methods in diverse cultural settings, underscoring the
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importance of frameworks that extend beyond Western-centric models (Thalmayer et al., 2022,
2024). As a result, the generalizability of personality inference models across cultural contexts
remains constrained, underscoring the need for culturally adaptive or multilingual frameworks.

Moreover, the quality of training data is critical; issues such as class imbalance and
measurement errors in ground-truth labels can greatly influence model performance, particularly
for traits characterized by ambivalence or complexity in their linguistic expression (Achaa-
Amankwaa et al., 2020). Data derived from third-party annotations may be especially vulnerable
to inaccuracies, thus highlighting the need for robust validation protocols during model
development (Jankowsky et al., 2020). Research indicates that reliance on culturally specific
linguistic constructs can undermine the accuracy of personality evaluations due to differential
item functioning across varied cultural contexts. Therefore, establishing a universal model for
personality detection that transcends cultural boundaries remains an open and critical area of
inquiry (Osterholz et al., 2023) due to these multifaceted challenges.

Although this study leverages both long-form essays and short-form social media posts
(Mypersonality dataset) to improve coverage and robustness, separate validation using each
textual source in isolation is not feasible due to sample size constraints, particularly for the essay
corpus, which does not support stable cross-validation on its own. As a result, source-specific
performance differences cannot be assessed with precision. More broadly, while the proposed
models demonstrate stable performance across traits and low cross-trait variance within the
available datasets, their external generalizability is necessarily bounded by the scope of the
training corpora. Accordingly, the findings support internal robustness rather than universal

applicability. Future research could address these limitations by assembling larger, balanced

30



datasets across distinct communication genres, languages, and cultural contexts, enabling explicit
cross-source validation and stronger claims about generalizability.

Relatedly, while the proposed model demonstrates strong predictive performance relative
to prior text-based approaches, the present study does not include an independent construct-
validation exercise for the inferred personality traits. Cross-validated macro-F1 provides
evidence of predictive validity against labeled datasets, but it does not directly assess alignment
between model-based trait estimates and human judgments in applied contexts. Future work
could incorporate targeted validation using independent human raters (e.g., trained coders or
PhD student evaluators) who assess a subset of profiles based on curated textual materials, with
raters blinded to model predictions. Such exercises would strengthen construct validity and
further enhance interpretability.

In this context, human raters are not treated as definitive ground truth, but as an
interpretive benchmark that complements text-based inference. Their role is to assess construct
alignment and face validity rather than to replace scalable algorithmic measurement, particularly
in applied settings where human judgment itself is subject to variability and bias.

Looking forward, future iterations of the model could benefit from incorporating
multimodal data, including video and audio inputs, to capture a wider range of expressive traits,
thus enhancing model accuracy. Additionally, improving datasets to encompass more culturally
diverse populations could amplify the global applicability of these models, facilitating a nuanced
understanding of personality across cultural landscapes. Continuous refinement through real-time
feedback mechanisms would also support necessary adaptations with new data, thereby

augmenting the relevance and precision of personality evaluations.
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In conclusion, addressing the complexities of personality detection in a culturally
sensitive manner is crucial for advancing psychological understanding. As research increasingly
illuminates the interplay among language, culture, and personality, the development of reliable,
generalizable models that effectively traverse cultural boundaries must be a priority.
Consequently, careful interpretation of confidence intervals, sensitivity checks, and adherence to
established evaluation protocols are vital to ensuring the external validity of personality detection

systems.

8. Roadmap to Chapter 2

I now move from the research question’s importance to application. With the measurement layer
established, Chapter 2 tests whether personality fit predicts market outcomes. The payoffis a
tighter bridge from trait theory to box-office behavior; I cross it in Chapter 2. I proceed empirics-
first: baseline effects on box-office performance, heterogeneity by genre, moderation by artistic
recognition, and persistence from opening weekend to domestic totals, estimated with

prespecified controls and clustered standard errors.
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Chapter 2: Application of the Developed Measure to Movie Stars

1. Introduction

This chapter explores the application of my personality measure, developed using deep learning
techniques, to analyze the personas that movie stars (human brands) project to the public. I apply
the model I developed in the previous chapter to a real-world problem where brand perceptions
and measurable outcomes meet at scale: cinema. Below, I explain why film is a strong fit for this
investigation.

The decision to focus on cinema, rather than other entertainment sectors like music or
social media, is driven by three practical features. First, wide reach: theatrical releases are
marketed to broad, heterogeneous audiences across countries and age groups. At a global level,
cinemas sold roughly 4.8 billion tickets in 2024 (around €28 billion box office; European
Audiovisual Observatory, Cannes 2025), underscoring population-scale exposure. Second,
standardized outcome measures: box-office metrics (e.g., opening weekend and total domestic
grosses) are consistently recorded and comparable across titles and time. Third, rich public
language: press kits, interviews, screenplays when available, promotional appearances, and
social posts create abundant text that enables trait inference for both stars and (when needed)
characters.

Cinema serves as a potent platform where branding strategies can influence consumer
perceptions and behaviors, reflecting broader market trends and audience dynamics (Wyatt,
1994). The industry’s economic scale reinforces this relevance: the global box office reached
about $33.9B in 2023 and around $30B in 2024, underscoring a large, measurable marketplace

for studying brand effects (Motion Picture Association, 2023, 2023).
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The sector’s economic and cultural salience makes film a practical testbed for assessing
the interplay between personal branding and market success and for linking personality-based
constructs to audience connection and purchasing behavior. Furthermore, a unique feature of
film is its dual layer of personality: stars act as human brands with enduring personas (Lunardo
et al., 2015; Thomson, 2006), while on-screen characters carry role-specific personalities,
providing an excellent context to examine human-brand personality and its effects. Additionally,
cinema is particularly important for personal branding: stars build and maintain recognizable
personas over time, and films both leverage and sometimes subvert those personas to shape
expectations and attention.

Much prior research on box-office performance emphasizes factors such as budget,
franchise, release timing, competition, and reviews, rather than the perspective of the human
brand (Carrillat et al., 2018). Even when movie stars are considered, the focus is often on star
power or presence (Hofmann et al., 2017). The literature rarely treats human brands as
measurable inputs, and almost never at the level of star-role personality fit. This chapter not only
demonstrates the application of my measure, but also addresses that gap by quantifying persona-
role alignment (and misalignment) and relating it to market outcomes in the movie industry.

There are plenty of well-documented moments where studios and directors debated
whether to align with a star’s established persona (persona congruence) or deliberately depart
from it (persona incongruence). For Steve Carell in Foxcatcher (2014), Bennett Miller’s against-
persona choice drew curiosity and skepticism until audiences saw the performance. Miller said
he cast Carell despite his comedic image so an unexpected face would make du Pont’s menace
more unsettling; until then, Carell was known for warm, comic roles; ‘mushy centers,” as Miller

put it. Likewise, when Heath Ledger was cast as the Joker in The Dark Knight (2008),
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skepticism extended beyond fans; co-writer Jonathan Nolan later said, “no one got it; the studio
didn’t get it.”

Directors aren’t the only ones dealing with persona challenges, actors face the same
calculus. A familiar on-screen persona is career insurance: it reassures studios and marketers and
reduces audience uncertainty. As a result, some stars actively protect a consistent image even if
they’re criticized for repetition or admit frustration with the limits. For example, Jennifer
Aniston is often linked to wry, relatable leads and has spoken about struggling to shed her
Friends persona (Rachel), a classic typecasting bind. These cases spotlight a recurring dilemma
for casting decision-makers: exploit a bankable persona, or gamble on an off-type stretch with
uncertain payoffs.

Casting is a high-stakes decision under uncertainty. Misalignment can prompt audience
skepticism or, when credible, generate breakthrough attention. As noted above, while studios
recognize this practical problem, but scholarly work that analyzes movies from a human-brand
perspective, and measures persona-role fit at scale, remains scarce and stakeholders, lack
scalable, credible ways to quantify persona-role fit pre-release. I address this gap by deriving star
and character personality estimates from public language (star interviews; scripts when
available) using my personality measure and translating them into pre-release congruence
metrics. | then link these metrics to box-office outcome using linear regression models. With
these congruence measures in hand, I proceed to my first research question:

Research Question 1. Does star-character personality congruence relate to box-office?

This baseline test is central, but congruence does not operate in isolation, its apparent
effect can be amplified, muted, or reinterpreted by context. Audiences don’t approach films as

blank slates. Prior work shows that pre-release demand is shaped by expectations and cues, and
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that those priors are not uniform. Two structural elements (genre conventions and credibility
signals) guide how audiences read persona-role information.

In film markets, genre functions much like product category: it helps audiences form
inferences before experience, just as consumers use categories to set expectations and interpret
new offerings. Category theory in consumer research argues that stored category representations
shape how people process information and evaluate fit. Furthermore, related schema-congruity
work suggests that the degree of match or mismatch with a category prototype steers attention
and judgments.

Within film studies, genre is the field’s native categorization system. It encodes
expectations through a blend of recurrent semantic elements (iconography, situations) and
syntactic relations (narrative structures), and it operates by repetition and difference; enough
familiarity to cue the schema, enough novelty to sustain interest. In practice, genre shapes
audience expectation for tone, pacing, and character tendencies, tightening or loosening what
“feels right” before anyone has seen the film. Filmmakers can conform to these norms or
strategically subvert them, thereby shaping reception in predictable ways. This leads directly to
my second question:

Research Question 2. How do genre conventions shape the relationship between star-
character persona congruence and box-office performance?

Beyond genre, pre-viewing expectations are also shaped by credibility signals tied to
performers. In markets for experience goods like film, audiences rely on observable cues to infer
quality. Actor recognition functions as such a cue, raising expectations and framing how a

casting choice is interpreted. Actors’ prior nominations or wins in major cinema recognitions,
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including Oscars, Golden Globes (film) and festival honors (e.g., Cannes, Venice, Berlin), can
shift attention and recalibrate priors about what a performer can credibly do.

Therefore, alongside genre conventions, artistic recognition serves as a second structural
lens for audience pre-viewing judgment, shaping how persona-role information is read before
audiences gain experience with the film. This motivates my third research question:

Research Question 3. How does pre-release actor recognition (awards/nominations in
acting categories) shape the relationship between star-character persona congruence and box-
office performance?

Early and later box-office dynamics are not driven by the same forces. Pre-release
demand is largely heuristic driven, built on cues such as trailers, genre, franchise status, and star
signals to shape opening-weekend box office results. As audiences gain experience, outcomes
increasingly reflect social learning via word-of-mouth and audience reviews. Empirical studies
demonstrate that review sentiment determine post-opening revenue trajectories.

Taken together, this logic implies that opening weekend captures priors organized,
whereas cumulative performance absorbs experience-based learning. Guided by this distinction, I
estimate separate outcome models on single dataset for two horizons: opening weekend (OW)
and total domestic (TD) box office; to assess whether expectation-driven signals persist,
strengthen, or attenuate as experience and WOM accumulate. This framing motivates my final
question:

Research Question 4. How does the effect of persona congruence evolve over time, from
opening weekend through the full domestic run?

Building on my focus on the interplay between stars’ on-screen and off-screen personas

across settings, I ask whether and when (if at all) alignment helps (e.g., by enhancing clarity and
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credibility) and when incongruence may be advantageous (e.g., by offering novelty, surprise, or
repositioning).

The idea is supported by prior work on authenticity and perceived fit. Studies link
perceived authenticity to trust, likability, and marketability (Finkelstein et al., 2021; Fritz et al.,
2017) and suggest that alignment between a celebrity’s persona and the messages or roles they
adopt can shape audience response (Guévremont & Grohmann, 2018; Rindova & Kotha, 2001;
Thompson et al., 2006). In film, such alignment has implications for casting, creative
development, and marketing: it can reduce the risk of misfit and help target communication more
effectively. At the same time, adjacent literatures suggests that deviations from established
persona norms, when presented effectively, can capture audience attention and signal versatility,
or facilitate repositioning when credible (Haywood et al., 2025).

This incongruence can yield mixed consequences, indicating a nuanced landscape where
both congruent and incongruent portrayals can produce varied audience reactions depending on
contextual factors (Ou et al., 2024; Parmar & Mann, 2021). Accordingly, effects can be mixed,
and in both directions, so the existing evidence does not offer consistent guidance to studios or to
actors. Building on both perspectives, I treat persona congruence and persona incongruence as
viable pathways whose consequences depend on context and try to solve the puzzle by deriving
the conditions for each impact can be rewarding in practice.

For casting directors and producers, evidence on this interplay can inform role-talent
decisions and performance expectations, potentially reducing miscasting risk and downstream
costs, and improving audience relatability where appropriate. Movie stars can use these insights
to evaluate roles that either resonate with or intentionally stretch their established persona,

strengthening their personal brand or strategically refreshing it; such clarity also supports co-
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branding opportunities that harmonize with (or purposefully reframe) their public image
(Luffarelli et al., 2019).

From a marketing perspective, showcasing the practical applications of the new measure
provides actionable guidance for positioning human brands, emphasizing personality relatability
where it matters and novelty where it pays off. I thus anticipate more nuanced branding strategies
that can improve market performance and audience satisfaction.

Guided by the foregoing discussion, I proceed with an empirics-first design: rather than
starting from formal propositions, I first characterize the data, estimate baseline associations, and
specify two theory-motivated moderators (genre conventions and artistic recognition); later, I
formalize these insights into propositions with stated boundary conditions.

I establish a baseline by estimating whether the star-character personality similarity
relates to box-office results after accounting for common film determinants (budget,
sequel/franchise status, seasonality, etc.). Next, I examine whether this relationship changes
across genres, where audience expectations are tighter or looser. I then ask whether artistic
recognition reframes how audiences read persona-role information. I also estimate a combined
model with both moderators to see whether genre expectations and recognition signals operate
additively or jointly. Finally, I study how early expectations carry through over time by
contrasting opening weekend with total domestic box office, tracing whether initial cues persist
or fade.

In this study, star personality reflects a public persona inferred from off-screen language
such as interviews, media coverage, and other public textual materials, while character
personality is inferred from linguistic cues embedded in scripts and narrative summaries.

Audience perceptions are not directly observed; instead, they are theorized as schema-based
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inferences formed from these pre-release cues. Accordingly, the analysis models inputs into
audience expectations rather than post-viewing perceptions, allowing persona—role congruence to
be interpreted as an expectation-setting signal prior to consumption.

I do not find a single “fit always wins” rule. Across specifications, relationships are
context-dependent, not uniform. In genres with tighter conventions, both congruence and
credible off-type choices can matter; in others, neither shows reliable associations, suggesting
story/production factors dominate. Recognition reframes alignment and off-type choices and
generally grant more latitude to off-type choices as credible stretches. Signals are strongest at
first weeks and typically attenuate over time. Overall effects are modest and heterogeneous, so
pooled averages can mask subgroup patterns (aggregation bias), motivating my moderator
analyses and separate opening weekend vs. domestic box-office models.

The next section reviews the theoretical foundations like human brands, authenticity/fit,

schema-based expectations, and signaling that motivate these steps and inform my hypotheses.

2. Literature Review

To organize the literature for my purposes, this section proceeds in four steps. First, I situate
movie stars within human-brand and character-development research and synthesize evidence on
their market impact. Second, I narrow to personality congruence, distinguishing actor-persona,
character, and narrative alignment and clarifying how fit (and misfit) can shape response. Third,
I frame genre and artistic recognition as expectation lenses that guide how audiences read
persona-role congruence before viewing and update those beliefs afterward. Finally, I summarize
established non-human drivers of box office to delineate scope conditions and controls.
Together, this structure motivates my focus on persona-role congruence as a demand-side signal

that complements, not replaces, operational factors.
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2.1. Movie Stars as Human Brands, Character Development and Their Market Impact
Building on Chapter 1°s framing of celebrities as human brands and the study’s focus on
persona-role congruence, this section situates movie stars within branding theory and synthesizes
evidence on their market impact. Prior research shows that strategically leveraging star visibility
can enhance recognition and shape attitudes toward embedded brands and the films themselves
(M. Yang & Roskos-Ewoldsen, 2007). Extending this logic to demand formation, Luo et al.
(2010) argue that a star’s brand can influence film demand and that strategic selection and timing
of releases can optimize a celebrity’s brand equity, thereby maximizing box-office success.
Because star branding is culturally and temporally situated, maintaining relevance requires
aligning a celebrity’s persona with prevailing norms and market cues (Lunardo et al., 2015).

Applying brand personality language to human brands, however, requires care. Human
brands embody person traits that do not map one-to-one onto product or corporate imagery.
Treating stars as human brands and focusing on their personal traits, while using traditional
brand-image frameworks only as support, helps preserve the integrity and appeal of celebrities as
brands and sustains both their marketability and the films they endorse). Complementary
perspectives from social identity theory and brand anthropomorphism further explain why
audiences connect with stars: personifying brands with human-like traits increases relatability
and can strengthen consumer—brand relationships (Carlson & Donavan, 2013).

Empirically, star power is economically salient but context dependent. How well actors
resonate with audiences, together with director reputation, cast experience, and cast diversity,
can drive revenue and shape demand (Antipov & Pokryshevskaya, 2017; Lash & Zhao, 2016;
Treme, 2010). Established actors can meaningfully improve a film’s prospects; replacing an

average star with a top-tier star has been estimated to yield approximately $16.6 million in
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additional revenue (R. A. Nelson & Glotfelty, 2012). Reputation and familiarity create an initial
draw (Elberse, 2007), and likability can elevate perceived quality and satisfaction, contributing
to early box-office momentum (Moon et al., 2010).

Star effects also operate through off-screen dynamics. Publicity shocks, from visibility
surges to reputational crises, can shift expectations at the margin and subtly affect performance
(Elberse & Eliashberg, 2003). Likewise, societal attitudes and behaviors associated with actors
(e.g., smoking, or racial views) can shape audience perceptions and, in turn, box-office outcomes
(Aumer et al., 2017; Fong & Wyer, 2012; Kasdovasilis et al., 2019). Importantly, while star-
studded casts can raise willingness to view and enhance marketability, they do not guarantee
success; outcomes remain closely tied to storytelling quality, performances, directing, and
overall production values (Hofmann et al., 2017; Simonton, 2009).

Extending this view, audience response and market performance depend not only on who
the star is but also on how the character is written and portrayed, and how these elements align.
Renowned actors can offer an initial edge and enhance audience engagement, yet their structural
placement within the industry and the quality of their collaborative network remain critical to
long-term outcomes (Cattani & Ferriani, 2008). In particular, as audiences increasingly favor
multi-dimensional, relatable characters, star casting should not eclipse the essential quality of
character development. Character personalities thus become a central lever that links star power
and story quality, strengthening emotional investment among viewers(Hofmann et al., 2017;
Huang et al., 2024).

Empirical work reinforces this interdependence between persona, character, and demand.
Initial viewership is often influenced by the popularity of stars, but effectiveness is notably

contingent on the strength of the characters they portray (Moon et al., 2010). Historical cases
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further illustrate how a star’s real-life persona can shape narrative choices and deepen audience
resonance. For instance, Bruce Lee’s influence extended beyond martial arts iconography to
directorial and narrative decisions that challenged gender roles and cultural expectations,
demonstrating the feedback loop between star identity and character portrayal (Pellerin, 2019;
Shimizu, 2020).

Psychological depth similarly matters characters with varied, complex traits engage
viewers at deeper cognitive and affective levels, as seen in analyses of franchises such as Star
Wars (Hall & Friedman, 2015). These dynamics translate economically. Meta-analytic evidence
indicates that both star brand equity and the psychological nuances of character portrayals shape
box-office outcomes; audiences’ emotional connection to the star-character nexus can amplify
financial performance (Carrillat et al., 2018, 2018).

Taken together, the prior subsections point to a simple progression: star brands help
attract attention and shape early expectations, while character depth and psychological nuance
sustain engagement and evaluations (e.g., Elberse, 2007; Hall & Friedman, 2015; Moon et al.,
2010). Audiences also routinely map what they know about an actor onto the roles they inhabit;
linking off-screen persona to on-screen portrayal (Moon et al., 2010; Pellerin, 2019). This makes
the interplay between a star’s perceived persona and the character’s portrayal a natural next step:
not a new construct, but the junction where previously discussed mechanisms meet on the screen.
2.2. Personality Congruence in the Film Industry
One way to see this interplay is under the broader congruence umbrella; that is, as a family of
alignments among actor persona, character presentation, and narrative cues that can organize
engagement, emotion, and market response. Importantly, the extensive congruence literature has

focused largely on audience self-congruence (alignment between viewers’ self-concepts and
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brand/character signals) rather than actor-character alignment (Maldr et al., 2011; Saputra et al.,
2020). Within this lens, films that cultivate emotional fit between content and audience feelings
tend to elicit stronger engagement; many film clips elicit fair-to-moderate convergence with
viewers’ emotions, implying that affective alignment can bolster attention and involvement
(Scheibe et al., 2023).

Audience processing plays a role as well. Individuals who can moderately infer
protagonists’ emotions exhibit stronger emotional responses, highlighting the value of congruent
emotional storytelling for sustaining interest (Katzorreck & Kunzmann, 2018). Related insights
from consumer psychology and branding help explain why these alignments influence behavior.
Self-congruence (i.e., the match between audience self-concepts and character or film signals;
Ekinci & Riley, 2003 positively affects satisfaction and, by extension, repeat viewership and
loyalty (Saputra et al., 2020). In parallel, effective celebrity endorsements and brand placements
that align the celebrity’s brand personality with film themes can enhance marketing effectiveness
and box-office returns (Lin, 2010; Mulyanegara et al., 2009).

Congruence can also shape narrative strategies for different audiences: in children’s
media, coherence between thematic content and presentation supports comprehension and
longer-term discussion of cinematic narratives (Djonov & Tseng, 2025). Taken together, these
findings portray congruence as a multidimensional construct (emotional, personality-based, and
identity-based) that links star branding, character design, and narrative form to audience
perceptions, satisfaction, and commercial performance.

In sum, prior work establishes that movie stars function as human brands that shape
attitudes, demand, and early outcomes, while character depth and psychological nuance enhance

engagement; and congruence across persona, character, and narrative strengthens emotional
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response and can boost market performance. In other words, seizing audience interest and
achieving cinematic success depend on the melding of a star’s personal characteristics with
compelling, coherent character personas and emotionally congruent storytelling.

However, the literature leaves open the question of when these effects are amplified or
muted, specifically whether the fit between a star’s off-screen persona and on-screen character
(persona-role congruence) conditions star impact. It also lacks an established, transparent
methodology for quantifying these inherently qualitative traits at scale. Accordingly,
understanding persona-role congruence in audience perceptions and box-office outcomes
requires an all-inclusive view that integrates human-brand theory, character design, and narrative
alignment (Carrillat et al., 2018; Hall & Friedman, 2015; Malar et al., 2011; Moon et al., 2010;
Scheibe et al., 2023).

Taken together, the literature positions persona-role congruence as a psychologically
grounded, demand-side signal that complements, rather than replaces, established non-human
drivers of box office. In the analyses that follow, I treat those operational and contextual
attributes (e.g., genre, budget, distribution intensity/timing, runtime, sequel status) as scope
conditions and controls. Conditional on these factors, I test whether congruence provides
incremental explanatory power at the box-office, and whether its effects systematically vary by
genre and artistic recognition, two moderators that shape expectations and credibility ex ante.
2.3. Factors Influencing Box Office Success
Before modeling persona-role congruence, I summarize non-human factors that the literature
shows predict box office. These variables capture supply-side resources and exposure, category
context, franchise position, runtime, and information. Laying out these drivers clarifies where

congruence can add value: as a distinct, demand-side match at casting that should complement,
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rather than substitute for, these established predictors, with heterogeneity by genre and artistic
recognition.

A film’s box office performance emerges from a layered set of influences that extend
beyond the intrinsic qualities of the movie themselves. Prior research documents the importance
of operational and contextual attributes to shape revenue potential. Genre emerges as a
foundational aspect, with action, sci-fi, and fantasy typically outperform categories such as
comedy and drama, reflecting inherent market preferences (Chiu et al., 2019).

In addition to genre, other critical attributes play significant roles in driving box office
success. Studies consistently point to attributes such as production budget, distribution planning,
release timing, and even awards signals as salient correlates of commercial success (Elliott &
Simmons, 2008; Kwak & Zhang, 2011; S. Lee & Choeh, 2020).

The production budget is often a key determinant, where higher expenditures typically
correlate with better box office returns. Films backed by substantial budgets not only benefit
from enhanced production quality but also afford more aggressive marketing strategies and
broader distribution networks, both of which are essential for maximizing visibility and audience
reach (Hao, 2023; Pangarker & Smit, 2013). Furthermore, the timing of a film's release is
crucial; strategic placement during peak seasons or aligned with significant cultural events can
significantly enhance a movie’s financial performance (Eliashberg et al., 2007; Pangarker &
Smit, 2013).

Film awards, particularly prestigious ones like the Academy Awards, serve as important
indicators of quality that can enhance a film’s perceived value and marketability. Research
indicates that winning or being nominated for these awards can lead to significant increases in

box office revenues. Estimates suggest that an Academy Award nomination can add
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approximately $4.8 million to a film's total earnings, while a win could contribute around $12
million (R. Nelson, 2001; Pangarker & Smit, 2013). Certain awards are more effective signals
than others, with awards bestowed by peers in the industry or consumer-based juries having a
pronounced impact on audience behavior and box office performance (Gemser et al., 2008).

The total runtime of a film also plays an important role in its box office success. Research
suggests that runtime can affect viewer engagement; shorter films are often seen as more
accessible, possibly leading to higher viewer turnout. In contrast, longer films may be associated
with more complex storytelling, appealing to niche audiences while potentially limiting broader
commercial appeal (Simonton, 2002, 2007). Therefore, an optimal runtime strategically aligns
with genre expectations and audience tendencies, impacting overall box office performance.

Another significant aspect is whether the movie is a sequel. Research consistently shows
that sequels tend to outperform original films at the box office due to pre-established fan bases
and recognition. The familiarity associated with sequels can lower the perceived risk for
audiences, encouraging more individuals to attend theaters (Chang & Ki, 2005). This trend
highlights the strategic advantage that major studios capitalize on when investing in franchise
films, as sequels benefit not only from brand loyalty but also from prior audience experiences
that can lead to heightened anticipation and stronger opening revenues (Gaenssle et al., 2018;
Ryu, 2020).

Marketing strategies are also pivotal in shaping box office outcomes. These strategies
encompass a range of factors, including advertising intensity, critical reviews, and audience
engagement through online WOM (Basuroy et al., 2003; Chintagunta et al., 2010; Eliashberg &
Shugan, 1997; J. Lee & Hwang, 2021; S. Lee & Choeh, 2020). These elements, combined with

strategic use of technological advancements and a deep understanding of audience preferences
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and cultural nuances, are essential for film companies aiming to maximize their box office
potential (Duan et al., 2008; Leem et al., 2023).

Prior research documents the importance of information dynamics: online word-of-mouth
and consumer reviews exert measurable effects on demand (Y.-H. Hu et al., 2018). Empirical
studies consistently show that positive reviews and prior viewer sentiment can materially shape
box-office trajectories, underscoring critical reception’s dual role as both an influencer and a
predictor of financial success (Y. Liu, 2006).

Cultural considerations further complicate the landscape of film success. Films that
resonate with local cultural contexts or align well with prevailing social norms tend to perform
better in foreign markets. The concept of cultural discount, introduced by Hoskins & Mirus,
(1988), illustrates how the acceptance of films can vary significantly across different cultures,
underscoring the importance of cultural relevance in global marketing strategies (Basuroy et al.,
2003; F. L. F. Lee, 2006, 2009).

Taken together, the non-human drivers explained above account for much of the variance
in revenue. Yet two additional factors (genre, and artistic recognition) do more than merely
impacting the box-office: they also act as expectation lenses (filters through which audiences see
the film) that can shape how audiences read my key independent variable, perceived persona-role
congruence.

Unlike controls such as budget or screen count which alter exposure and resources, these
factors work like lenses that prime the audience’s interpretation of “fit.” Genre frames the kind
of story audiences think they are about to see (Altman, 2012; Neale, 2005), and artistic
recognition frames what they believe an actor can credibly deliver (Rossman et al., 2010;

Zuckerman et al., 2003); in short, audiences arrive with a sense of what a film should be and
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what certain performers can do . Because these lenses color what “fit” looks like before viewing,
the next section examines genre (as a schema/category) and recognition (as a credibility/status
cue) not merely as revenue correlates, but as expectation templates that guide how audiences
interpret the alignment between a star’s persona and a role.

Because these lenses color what “fit” looks like before viewing the film, the next section
examines genre (as a schema/category) and recognition (as a credibility/status cue) not merely as
revenue correlates but as expectation templates that guide how audiences interpret the alignment

between a star’s persona and a role.

2.4. Audience Expectations as Lenses for reading congruence

In exploring the dynamics of audience expectations in film, it is essential to recognize that genre
plays a critical role in influencing how viewers decode and react to cinematic experiences. Genre
serves as a predefined framework through which audiences form expectations about a film's
narrative, themes, and stylistic choices. This categorization system is not merely arbitrary; it
encodes expectations through recurrent semantic elements such as iconography and narrative
structures, effectively guiding audience perceptions before they even engage with the film itself
(Barthel-Bouchier, 2012; Friedland, 2016). The concept of "repetition and difference," as
articulated by Steve Neale, underscores the balance between familiar genre markers that cue
viewer schemas and the innovative deviations that sustain engagement (Neale, 2005).

Research has demonstrated that genre influences audience expectations significantly. For
instance, when a film’s genre aligns with prior genre conventions, audiences tend to respond
more positively, reinforcing the notion that genre acts similarly to product categories in
consumer markets (Hung & Guan, 2020). Moreover, the film industry's reliance on genre

classifications enables filmmakers to predict audience reactions, often influencing marketing
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strategies and box office performance (Barthel-Bouchier, 2012). This relationship between genre
and expectation is compounded by the principles of schema theory, which propose that pre-
existing mental frameworks guide how new information, such as a film, is interpreted (Ghosh &
Gilboa, 2014; Rumelhart, 2017; Van Kesteren et al., 2012). Branigan (2013), applies schema
theory to realise how viewers interpret films based on expectations shaped by narrative/genre
structures and character construction.

Furthermore, differences in genre characteristics dictate what specific cues an audience
might look for in a film’s narrative. For instance, action films typically prioritize pace and
adrenaline-inducing sequences, aligning with viewer preferences for excitement and urgency
(Nowack, 2025), while dramas might focus more on character development and emotional
resonance. The interplay between genre expectations and audience engagement can also diverge
based on individual differences such as personality traits, suggesting varied audience experiences
even within the same genre. Research indicates that individuals with different personality types
may gravitate towards distinct genres, affecting their engagement and enjoyment levels (J. Yang,
2023).

Building on prior movie industry’s studies, this review uses eight widely acknowledged
genres: comedy, drama, action, horror, thriller, documentary, musical, and adventure (Altman,
1999; Neale, 2005). Across these genres, prior work explains how conventions shape audience
engagement and platform programming: comedy relies on relatable humor and evolving teen-
comedy patterns (Krutnik & Neale, 2006; Montafio, 2021); drama emphasizes character,
emotion, and social themes (Plantinga, 2009); action foregrounds physical spectacle and
sometimes “mythic” violence, often paired with adventure to heighten engagement and

commercial appeal (Tasker, 2004, 2012); horror evokes fear and suspense, appealing to
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sensation-seeking viewers and adapting to cultural anxieties (Carroll, 2003; Clasen et al., 2020);
thrillers sustain tension at the intersection of horror and drama while mirroring societal fears
(Rubin, 1999); documentaries aim to inform through truth-claims that enable cultural critique
and attract audiences seeking both education and entertainment (Nichols, 1991, 2017); musicals
integrate song, dance, and narrative with modern reimagining that maintain broad appeal
(Bruckner, 2015; Feuer, 1993); and adventure centers on quest and exploration, frequently
interwoven with action (Azizah et al., 2022; Carroll, 2003; Clasen et al., 2020).

In markets characterized by experience goods like films, audiences depend on observable
indicators, such as an actor's prior accolades and recognition, to gauge the potential quality of a
film before viewing it. Recognition from prestigious platforms, including the Oscars, Golden
Globes, and prominent film festivals, serves as a critical cue that informs audience expectations
and assessments of an actor’s capability, which in turn can significantly shift pre-existing notions
about the performance quality within a given film (Dodds & Holbrook, 1988; F. L. F. Lee, 2009;
R. Nelson, 2001). Prior studies indicate that skilled actors, specifically those with substantial
experience and accolades, are perceived as more capable of elevating the quality of a film
(Gemser et al., 2008; Simonton, 2007).

For example, Zhu and Wu (2021) posit that audiences exhibit a higher willingness to
engage with films featuring accomplished actors compared to those with less recognized
performers, particularly within genres that demand a strong artistic presence, such as patriotic
films. This is further supported by findings from Aadland et al. (2020), which highlight how an
actor's high-status can enhance audience expectations and attention based on their perceived
competence. Additionally, Reschke et al. outline a two-stage cognitive process where audiences

first categorize performers based on known expectations before evaluating the distinctions
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among those categorized, offering insight into how award recognitions influence audience
perceptions (Reschke et al., 2018).

Artistic recognition does not merely provide a background; it actively shapes the lens
through which audiences interpret performances. For instance, actors who have received
significant accolades may recalibrate viewer expectations, creating anticipatory biases that favor
their performances. This notion aligns closely with the findings presented by Slavich and
Castellucci (2016), who assert that certifications like awards offer useful comparisons in creative
industries, influencing public perception and expectations. The high status associated with these
awards can inherently lead to a belief in a performer’s enhanced competence prior to
experiencing their work, as noted by Goldstein and Filipe (2018), who discuss the impact of
audience perceptions shaped by actors’ prior achievements. Empirical studies show that
performers’ status and award recognition act as credibility signals that attract attention, raise pre-
release demand, and shape audience expectations (Nalabandian & Ireland, 2019; Veenstra et al.,
2020). Thus, the structural significance of artistic recognition emerges as a potent mechanism in
shaping pre-viewing judgments and broader audience expectations for cinematic experiences.

Empirically, such pre-release heuristics, like genre classification and star salience, have
their clearest footprint in opening-weekend outcomes, where category fit and prominence jointly
anchor expectations and reduce search costs (Giannetti et al., 2024; Hung & Guan, 2020; Patil et
al., 2022). Once viewing begins, those priors are updated through social learning: audience
experience accumulates in reviews and WOM, and these public signals recalibrate beliefs about
quality and match, thereby steering longer-run revenue trajectories (Chen et al., 2016; Chiu et al.,
2019; Nagamma et al., 2015). In practical terms, early demand is expectation-led meaning what

viewers infer “at the gate” from genre templates and recognition-based credibility can set the
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initial path, whereas subsequent performance becomes increasingly experience-led, governed by
lived performance and the collective feedback loop of critics and peers (Chiu et al., 2019;
Giannetti et al., 2024).

Put differently, the expectation lenses supplied by genre and artistic recognition loom
largest before viewing, when audiences, confronting the uncertainty of an experience good, lean
on category and status cues to form priors and make go/no-go decisions. Therefore, the
distinction between immediate and ongoing audience responses helps to articulate how perceived
persona-role congruence is read by audience through genre conventions and audience familiarity
lenses and how that reading might evolve over the release cycle.

Taken together, the literature suggests a simple narrative: audiences approach films with
expectation lenses; notably genre (which pre-frames story and role schemas) and artistic
recognition (which pre-frames performer credibility). These lenses help explain how viewers
initially read perceived persona—role congruence and why the same casting can be received
differently across contexts. Differentiating immediate from ongoing responses may help clarify
the extent to which that initial reading is filtered through genre conventions and familiarity, and
how such filtering evolves across the release cycle. Section 3 (Methods) details how 1
operationalize these ideas (persona and character personality traits from text; genre categories;
recognition coding), assemble the data, and estimate models that include the standard non-human

controls summarized above.

3. Data & Measures

This section describes the data, construction of personality and congruence measures, and the
estimation setup that underpins the empirics-first model sequence reported in section 2.5

(Results). I infer Big Five traits for stars from interview text and for characters from script
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dialogue, construct trait-match indicators and a summed match count (0—5) and relate these
congruence measures to two outcomes; opening-weekend and domestic box office, while
conditioning on prespecified controls and fixed effects. The observational unit is the star-role
pair within a film, which allows within-title comparison across different characters associated

with the same movie.

3.1. Data

My Empirical analysis integrates four datasets to measure personality congruence between stars
and characters and relate it to film performance. The unit of analysis is the star-role pair within a
film, enabling within-movie comparisons across different characters while controlling for film-
level heterogeneity.

The first dataset, MediaSum, contains approximately 464,000 media interview transcripts
from outlets such as NPR and CNN. I use these interviews to infer actors’ Big Five personality
traits based on their linguistic patterns in public-facing promotional contexts. In total, the
MediaSum subset used here covers 1283 distinct movie stars.

The second dataset comprises Movie Scripts sourced from public repositories and
licensed collections, providing character-level dialogue that I use to infer the personality profiles
of fictional characters across genres and studios. The script corpus includes 2,142 feature-film
scripts.

The third dataset, Acting Credit (cast-mapping), links films to credited performers and
canonical character names (including billing order/lead status). This mapping is the backbone
join between interviews and scripts: it resolves actor identities, connects actors to their specific

roles in the film, and standardizes character names across sources. These three datasets provide

54



the inputs to infer star and character personalities and to compute star-character congruence. The
cast-mapping covers roughly 11,000 films.

Finally, the Movie Summary dataset contains movie-level metadata, including box-office
outcomes, genre, production budgets, distributor, release timing, and other film-level attributes
which are used as dependent variables and covariates. The dataset file contains 23,877 titles and
spans films released from 1902 to 2018. Together, these sources allow me to build a unified
dataset that maps textual signals to Big Five traits for both stars and characters and links these

measures to film outcomes.

3.2. Integration of interviews, scripts, and summaries
I integrate the four sources in three sequential steps: normalize identifiers, link actors to roles,
and assemble star-role observations with film-level outcomes.

For interviews (MediaSum), I standardize speaker identities across shows and dates.
Because names vary in format (titles, commas, hyphenated surnames), I apply regex-based
parsing and normalization to extract canonical name strings and remove descriptors (e.g., “John
Doe, Actor”). A random sample is audited to refine patterns and reduce false positives. Multiple
interviews per person are then concatenated into a single actor-level interview text.

For scripts, each file is parsed line by line into character-dialogue pairs. I normalize
character strings (case-folding, punctuation stripping, alias resolution) and concatenate all
utterances by film and character while preserving order markers. The output is an explicit
mapping from each film, and character name to that character’s aggregated dialogue, i.e., a per-
film, per-character text that represents the character’s full speech in that film.

I then link off-screen and on-screen personas at the role level by cross-referencing films

using the Acting Credit file. For each film i and each credited lead actor j, I create a star-role

55



record that pairs the actor’s aggregated interview text (encompassing off-screen persona) with
the matched character’s aggregated dialogue (encompassing on-screen persona). Each record
contains both actor’s and the matched character’s text, which I later use to compute star-
character personality congruence.

Lastly, I merge the star-role records with the Movie Summary dataset by film to append
dependent variables and covariates: opening-weekend and domestic box office, genre,
distributor, release timing, production budget, and other controls. I retain only titles with
complete coverage across interviews, cast mapping, scripts, and summaries. A random audit
checks samples of actor-character matches and name normalizations; regex rules and alias lists
are refined iteratively as needed. After enforcing completeness across sources, the integrated
panel retains 1,673 films and 45,144 star-role observations for analysis.

Below figures compares distributions before and after dataset integration. The post-
integration sample shows a far fewer characters per movie (around 2 principal roles) (Figure 3);
opening-weekend revenues cluster at higher values (fewer zeros/very low values) (Figure 4); the
production window narrows to 1942-2018 (Figure 5); and average theater counts rise (Figure 6).
These shifts are consistent with prioritizing films featuring recognized stars and aligning with the

movie-star interview dataset.

56



before data integration

150 200
| |

Count
100
|

50

T 1 T T T 1
0 20 40 60 80 120

characters per movie

Count

800 1000

400 600

200

0

after data integration

I T 1 T 1 1
2 4 6 8 10 12

characters per movie
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Figure 6. Histogram comparison of total theatres before and after dataset integration

3.3. Personality Traits Estimation
For each film i and character j (mapped to its credited actor via the People dataset), I infer two

Big Five profiles assessed using my intergraded personality measure:
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e Actor’s Personality (off-screen) is derived from aggregated interview transcripts, reflecting
stars key five personality traits (Zij ": AGR;; ", CONy; ", EXT;; 5", NEU; "', OPNjj

star
).

e Character’s Personality (on-screen) traits exhibited by the character in the movie, extracted

from aggregated script dialogue (Zij char. AGRjj char , CONjj char , EXTij Char, NEU;; Char,

OPNjj char).

The process involves feeding the movie scripts and interviews textual data to brand
personality framework to systematically extract key personality traits, providing a structured
personality profile for each subject. Using these paired star and character profiles for each pair of
(i,7), I can now proceed to congruence calculation.

3.4. Measuring Congruence
The Personality Congruence variable quantifies the similarity between the actor’s and character’s
personalities. While alternative measures (like absolute/summed differences, Euclidean distance,
cosine similarity, Pearson correlation) are available, with my binary coded personality traits
(0/1), all these measures will convey same information and lead to equivalent inferences.
Accordingly, I use the simplest, most interpretable approach: absolute differences.

Therefore, I operationalize trait-level congruence as exact matches between the star’s and
character’s Big Five values.

For Trait E{AGR, CON, EXT, NEU, OPN}

Traitjj = 1 if { Trait;j star — Trait;j char },else 0.
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Each indicator equals 1 when the star’s trait matches the character’s trait and 0 otherwise.
These five trait-match indicators (AGR, CON, EXT, NEU, OPN) will be used to assess the
impact of trait-level congruence in the trait-level specified models. In addition, to see whether
the holistic-match impact might differ, I will define the overall congruence as summed match

count (SC) across the five traits as the aggregate index:

SCjj = AGRjj + CONjj + EXTjj + NEUj; + OPNjj € {0, ..., 5}.

This summed congruence measure will be used as second IV in a separate aggregated
model. Higher values mean closer fit; lower values mean greater mismatch. In all regressions, a
positive coefficient on AGR, ..., OPN or on congruence indicates that greater congruence is
associated with higher box-office performance and similarly negative coefficient is associated
with lower box-office.

In every specification, I retain the congruence KPIs (the five trait-match indicators: AGR,
CON, EXT, NEU, OPN) in the trait-level models and the summed match count (SC) in the
aggregate models. These data are essential for my next step, model specification, in which I feed
my personality and congruence data into a regression model to analyze their impact on box
office performance.
2.3.5. Variables, construction, and estimation choices
Now, I assemble a model-ready star-role dataset: for each film i and focal star/character j, the
same film-level outcome is assigned to multiple observations, one each pair. my model variables
fall into four groups: (i) outcomes (opening-weekend and domestic box office), (i1) personality
and congruence KPIs measures (star Big Five mains; character Big Five are used to construct
congruence; trait level congruence and the summed match index), (iii) moderators (genre; artistic

recognition coded per actor-film), and (iv) controls and covariates (production budget, sequel
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status, running time, theatrical engagements, distributor, etc.). Table 3 lists all variables carried

into §2.4.

Variable

Description

movie name

Name of the movie

character name

Name of the character in the movie
actor name Name of the actor or actress portraying the character
production_year Year the movie was released
running time Total runtime of the movie. in minutes
sequel Indicator if the movie is a sequel. 1 is Yes, 0 is No
distributor Company that distributed the movie
opening weekend revenue

Revenue generated during the opening weekend. in dollars

opening weekend_theaters

Total number of theaters the movie was screened in during the
opening weekend

theatrical engagements

Total number of theaters the movie was screened in during its
entire theatrical run

genre

Primary genre(s) of the movie

production budget

Total budget allocated for production (in dollars)

release month

Month the movie was released

release season

Season the movie was released

domestic_box office

Total domestic box office earnings (in dollars)

Artistic Recognition

Indicator of artistic recognition on major film awards (e.g.,
Oscar, Golden Globe, Cannes) based on whether the actor was
recognized at the time of movie production

Openness_star

Openness trait score of the movie star

Conscientiousness star

Conscientiousness trait score of the movie star

Extraversion star

Extraversion trait score of the movie star

Agreeableness star

Agreeableness trait score of the movie star

Neuroticism star

Neuroticism trait score of the movie star

Openness char

Openness trait score of the character

Conscientiousness char

Conscientiousness trait score of the character

Extraversion char

Extraversion trait score of the character

Agreeableness char

Agreeableness trait score of the character

Neuroticism char

Neuroticism trait score of the character
Congruence indicator for Agreeableness (1 = Congruent, 0 =
AGR
Not Congruent)
Congruence indicator for Conscientiousness (1 = Congruent, 0
CON —
= Not Congruent)
Congruence indicator for Extraversion (1 = Congruent, 0 = Not
EXT
Congruent)
Congruence indicator for Neuroticism (1 = Congruent, 0 = Not
NEU
Congruent)
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Congruence indicator for Openness (1 = Congruent, 0 = Not
OPN
Congruent)
Overall Congruence measuring count of matched personality
congruence trait between character and actor. Ranges from 0 (lowest) to 5
(highest) congruence.

Table 3. Description of variables

4. Methodology

This section develops the models I will estimate in the Results section. I follow an empirics-first
sequence that moves from a pooled association to structured heterogeneity: (i) a baseline model
with congruence only; (i) Genre X Congruence; (iii) Artistic Recognition x Congruence; and (iv)
a combined specification with both moderators.

Each step is estimated in two parallel forms, a trait-level model using the five trait-match
indicators (AGR, CON, EXT, NEU, OPN) and a summed model using the 0—5 match count (SC),
and on two outcomes: opening-weekend (OW) and total domestic (TD) box office. This design
permits a direct comparison of short-run and longer-run associations.

4.1. Model Estimation Framework

To keep all design choices in one place before I present the equations, I briefly review the
variables I use and show how they feed into my linear regression model sequence. As noted, |
estimate at the star-role pair within a film; the same film-level outcome is assigned to each pair.

Prior film research routinely analyzes these outcomes separately because opening
weekend typically concentrates the peak of box-office demand and strongly shapes eventual
totals; as audience novelty wanes over time, above and beyond quality decay, preferences and
revenues naturally erode (Ho et al., 2017). Likewise, I estimate each specification on two
outcomes that capture distinct horizons: opening-weekend revenue (short run) and total domestic
box office (longer run). Domestic box office reflects total U.S. theatrical receipts and excludes

international revenues and ancillary income (e.g., merchandise, home video) (Sharda & Delen,
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2006). Opening-weekend revenue is the domestic gross earned over the film’s first Fri-Sun

frame as reported in the summaries metadata. Using both outcomes provide a temporal contrast

between immediate expectations and cumulative market response. Y;; will represent outcome for

star-role pair j in film i (opening-weekend or domestic box office).

Personality enters as the star’s Big Five mains plus congruence (either five trait-match
indicators; AGR, CON, EXT, NEU, OPN, or the summed index, SC). I omit character level Big
five traits from main effect because congruence is built from star and character traits; including
all three would double-count information, inflate collinearity, and make the “fit” term hard to

interpret. Keeping star mains Big five traits let the congruence coefficient be read as the

incremental return to match, conditional on baseline persona. Let Z;; star (AGRjj star, CONjj star,
EXTjj star, NEU;; ° tar, OPNjj Sty denote the star’s Big Five personality traits. Tij (AGR;jj, CON;

j» EXTij, NEUjj, OPNjj) represent five trait-match indicators (1 = match, 0 = mismatch), and SC;;

€ {0, ..., 5} represent summed congruence.

To isolate the association between personality congruence and revenue, I include a
concise set of pre-releases, film-level controls selected ex ante: sequel/franchise status (indicator
= 1 if the title is part of an established franchise at release), running time (minutes), and
distribution breadth/intensity. These variables proxy audience familiarity and risk, show-
scheduling and narrative scope, and market availability, respectively, providing a standard
baseline against which to evaluate personality congruence.

The distribution measure is DV-specific: for domestic box office models I use theatrical
engagements (cumulative availability over the run); for opening-weekend models I use opening-

weekend screens, which capture initial availability. I never include both together to avoid
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release-scale collinearity. These variables proxy audience familiarity and risk, narrative scope
and scheduling, and market availability. I deliberately exclude post-release reception variables

(e.g., review polarity, WOM metrics, marketing spends) from all main models to avoid
conditioning on outcomes. In my models X; represent controls (production budget, sequel,

running time, plus opening-weekend screens when Y is opening-weekend; theatrical
engagements when Y is domestic).

To absorb remaining between-movie heterogeneity while preserving within-title
variation, I include fixed effects for production year, release month, and distributor, and I cluster
standard errors at the movie level. I do not include movie itself in the fixed effects because the
outcome is constant within a title and would eliminate the within-movie, between-character
variation of interest. In R, I implement these models with ‘feols’ function (fixed-effects OLS
estimation) of ‘fixest’ package. Interpretation of interactions relies on marginal effects and
simple slopes reported in results. Descriptive statistics for outcomes and controls appear in Table
4. FE; represent fixed effects for production year, release month, distributor and standard errors

are clustered at movie level.
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Feature Type Mean Min Max Std. Dev

production_year int64 2003.47 1944 2018 9.17
running_time int64 105.08 0 196 39.89
sequel bool 0.04 0 1 0.20
opening_weekend_reven int64 18235910 0 207438700 21752840
ue

opening_weekend_theate int64 1960 0 4349 1327
rs

theatrical_engagements int64 15441 0 56286 10678
production_budget int64 49227580 0 425000000 48757230
domestic_box_office int64 84213560 0 760507600 90025520
release_date date 2004-03-25 1945-02-16 2019-05-31 3408

Table 4. Descriptive statistics

I estimate linear models at the star-role level with film-level outcomes assigned to each
pair. Because the dependent variable is constant within a film, coefficients are identified from
cross-film differences in cast composition and context, i.e., whether films whose casts display
higher star—role personality congruence (and its interactions) have higher revenues, conditional
on controls and fixed effects. Genre interactions identify how the congruence slope differs across
primary genres; recognition interactions identify how the slope differs between recognized and
unrecognized stars.

Stars and producers may select roles that match the star’s persona. If such selection
correlates with unobserved determinants of revenue (e.g., script quality or marketing intensity
not fully captured), my OLS slopes on congruence should be read as conditional associations
rather than causal effects. I mitigate concerns with film-level controls and fixed effects for year,
month, and distributor, and by clustering at the movie level. As robustness, I (i) add star fixed

effects to absorb time-invariant star quality, (ii) control for sequels/franchises, (iii) use two-way
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clustering by film and star, (iv) and (v) use alternative functional forms (levels vs. logs). Because
revenue is right-skewed, I also re-estimate all specifications using log revenue (In(1+Y)) as a
robustness check. For interpretability and comparability of marginal effects, I report level-
specification results in the main text; the corresponding log-specification tables appear in
Appendix A and show qualitatively consistent patterns. I interpret results accordingly.

My estimands are partial correlations under the following conditions: (i) after
conditioning on distributor, calendar timing, budget, sequel status, running time, and distribution
breadth, there are no omitted pre-release factors jointly correlated with both congruence and
revenue; (i1) [ avoid conditioning on post-release outcomes (e.g., reviews, WOM) by excluding
them from main models; (iii) measurement error in personality inputs is approximately classical,
tending to attenuate slopes; (iv) within-film dependence is handled by clustering standard errors
at the movie level.

My modeling choices follow standard practice in empirical box-office and marketing
analytics ( e.g., Basuroy et al., 2003; De Vany & Walls, 1999; Einav, 2007; Elberse, 2007;
Ravid, 1999) and fixed-effects OLS implementation in fixest (R). Full citations appear in the
References section. The next subsections implement my empirical model, moving from a
baseline to specifications that add Genre and Artistic Recognition moderators and both. Each
uses the same controls, fixed effects, and clustering, and each is estimated in trait-level and
summed-congruence forms on both outcomes
4.2. Baseline (no moderators)

The baseline asks a simple question: holding constant calendar and distribution conditions and
basic exposure controls, is better star-role personality fit associated with higher box office?

These baselines provide reference slopes; given pooled effects can be small, they primarily set
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the stage for moderated models. Each baseline is estimated twice: once with opening-weekend
and once with domestic box office.
Trait-level version:

Yj=a+BT;+8Z" +yX; +FE; +¢&;. (1)
Where a is the baseline revenue in the reference context (genre = “other,” unrecognized star), 3
is the vector of returns to trait-level “fit” (elements f3;); if congruence is beneficial, I expect
Br > 0. & captures associations with the star’s baseline persona, y captures associations with
film-level controls, FE; are fixed effects for year, month, and distributor, and €;j is the error term

(SEs clustered by movie).

Summed-congruence version:

Y;j = o+ BcSC;j +8Z " +yX; +FE; +g. (2)
Where B is the return to the summed congruence index SC;; € {0, ..., 5}; if fit helps, (B¢ > 0).
Other symbols are as in (1).

4.3. Genre x Congruence
As previously stated, for audiences, movie genre functions like a product category: it bundles
narrative conventions, pacing, affect, and risk into recognizable formats. If genre reframes what
“fits,” then a pooled average may obscure real differences. For example, the value of an
extraverted-match may be stronger in comedy, while a neuroticism-match might matter more in
horror. I therefore allow the return to congruence to vary with genre, while also letting genre
dummies absorb level differences in typical revenues across categories.

Genre is a categorical variable coded from the primary listed genre in the summaries
metadata. Drawing on prior work, I