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Abstract

As video content on online platforms continues to increase,
understanding the complex aspects of interpersonal commu-
nication becomes crucial. Central to this exploration is the
pressing issue of gender bias, which manifests in multimodal
interactions through visual, vocal, or verbal cues. These in-
teractions present challenges in extracting and interpreting
the subtle cues that may point to underlying biases. To tackle
these challenges, we introduce a semi-automatic extraction of
features and knowledge from user-generated content on video
web platforms. Using 1,091 unstructured multi-participant
video conversations from Shark Tank, we examine whether
the multimodal cues (e.g., emotions) of a conversational par-
ticipant (e.g., entrepreneur) affect another participant (e.g.,
investor) differently due to gender biases. Our methodol-
ogy employs advanced deep learning algorithms for cues ex-
traction and leverages Graph Neural Networks to model the
multi-participant conversations. To complement our findings,
we utilize textual features extracted through our methodol-
ogy and employ GPT-4 to simulate decision-making scenar-
ios, thereby assessing its analytical capabilities and potential
gender biases.

Introduction

In an era marked by a significant rise in video content across
web platforms like YouTube (Che, Ip, and Lin 2015), tech-
nological advancements continually struggle with new tech-
niques to process, analyze, and interpret this vast amount
of data (Pu et al. 2021). A particularly pressing task in this
landscape is the extraction of features and knowledge from
user-generated content, which often consists of rich interac-
tions and complex interpersonal communications.

Delving deeper, a significant subset of this challenge
lies in understanding multimodal interactions within these
videos—particularly in extracting vocal, visual, and verbal
cues. Such cues, stemming from complex and intertwined
layers of information, are crucial in deciphering human in-
teractions and are especially complex when multiple partic-
ipants are involved. As dialogues flow, visual and auditory
cues overlap, requiring sophisticated computational method-
ologies for accurate interpretation (Zhang et al. 2019b).

Given these advanced computational capabilities, our
study ventures into a domain where such multimodal cues
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play a decisive role: start-up investment pitches (Liebregts
et al. 2020). These pitches, characterized by complex inter-
actions, epitomize persuasive scenarios and serve as a piv-
otal use case that enables the exploration and validation of
our methodologies within a context where communicative
dynamics critically influence outcomes. Amidst this context,
an ongoing discussion around gender bias in investment de-
cisions has gained prominence (Poczter and Shapsis 2018;
Pistilli et al. 2022; Jetter and Stockley 2023). Yet, current
state-of-the-art research provides a limited perspective, of-
ten overlooking the multifaceted factors that dictate invest-
ment outcomes. Hence, several studies simultaneously ad-
vocate for a deeper dive into the effects of facial expres-
sions, vocal cues, and linguistic patterns, especially concern-
ing their interplay with gender (Allison et al. 2022; Khurana
and Lee 2023). With these considerations in mind, our re-
search hinges on the focal question: Do multimodal cues of
males and females affect funding decisions differently?

To answer this question, we collect unstructured video
data from YouTube, specifically focusing on investment
pitches from the renowned Shark Tank competition. The na-
ture of this competition offers real-world context for scru-
tinizing gender bias in conversations. We then introduce
a semi-automatic extraction methodology of features and
knowledge from this user-generated video content, captur-
ing rich interactions from interpersonal communications.
To achieve this, we construct a video processing pipeline
that extracts and integrates visual, vocal, and verbal cues
from the various participants present in each video. On top
of the pre-processed data, we employ statistical analysis,
Graph Neural Networks (GNNs) and Large Language Mod-
els (LLMs) to: (i) discern multimodal cues’ impact on in-
vestment outcomes with a focus on gender bias; (ii) effec-
tively model the dynamic, multi-participant nature of con-
versations within these pitches; and (iii) examine the invest-
ment decisions and gender bias in state-of-the-art LLMs.

In summary, the contributions of this work are:

* An exploratory analysis that delves into the association
between multimodal cues of entrepreneurs and the fund-
ing decisions made by angel investors. Central to our in-
quiry is the profound influence of gender bias. Further,
we examine whether investor emotions are differentially
swayed based on an entrepreneur’s gender.

* A methodology for multimodal cues extraction and



conversation modeling that leverages deep learning al-
gorithms and GNNs on unstructured video conversations.
This approach introduces a novel application within the
computational social science and entrepreneurship com-
munity, where dynamic, multimodal interaction model-
ing between entrepreneurs and investors as graphs have
not been extensively explored.

¢ An evaluation study for gender bias encoded in state-
of-the-art generative models, focusing on a compar-
ative analysis between GPT-4 and our domain-specific
trained GNN models. This comparison is central to our
study as it assesses overall performance and examines
the extent of gender bias in investment decisions between
domain-specific trained GNN models and the GPT-4,
thus shedding light on the potential biases introduced by
state-of-the-art Al-driven decision-making systems.

Related Work

The success of entrepreneurs in securing investment is in-
fluenced significantly by how they present themselves and
their ventures, with various personal and communicative
characteristics playing pivotal roles. Exploring the associa-
tion between voice characteristics and funding, Allison (Al-
lison et al. 2022) found that voice intensity is significantly
related to perceived passion and, subsequently, to funding
success. Similarly, visual cues also play a crucial role; stud-
ies like those by Tsay (Tsay 2021) and Jiang (Jiang, Yin,
and Liu 2019) show that displaying higher levels of joy
during pitches enhances funding prospects. Moreover, re-
search by Davis (Davis et al. 2021) indicates that facial ex-
pressions impact funding differently across genders, with
women benefiting from expressions like anger and disgust,
while men benefit from sadness and happiness. Addition-
ally, while studies such as Clarke (Clarke, Cornelissen, and
Healey 2019) and Ren (Ren et al. 2021) explore how literal
and figurative language in pitches affects funding outcomes,
findings suggest that the type of language used has limited
impact, except for arousal words which are positively as-
sociated with project success. Although there are multiple
studies that examined diverse communication signals, there
is no study that examines the success of entrepreneurs com-
bining vocal, facial and verbal characteristics.

Further complicating the entrepreneurial landscape, gen-
der bias pervades various domains, influencing perceptions
and outcomes through widespread discriminatory practices
(Way, Larremore, and Clauset 2016). This societal bias is
particularly pronounced in entrepreneurship, where stud-
ies have consistently shown that female entrepreneurs en-
counter formidable challenges in securing funding for their
businesses due to prevailing investor perceptions and gender
stereotypes (Poczter and Shapsis 2018; Pistilli et al. 2022).
These stereotypes typically favor male entrepreneurs, who
are perceived as more assertive and competent due to soci-
etal norms (Rudman and Phelan 2008). Despite the extensive
research, there remains a significant gap in understanding
how gender and associated multimodal cues influence inter-
personal communication during entrepreneurial pitches.

The manifestation of gender bias does not confine itself
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merely to conventional societal frameworks but also extends
into the area of AI, where biases from training data infil-
trate the predictive models (Roselli, Matthews, and Tala-
gala 2019). This extension of bias is particularly notable
in LLM models like ChatGPT, which has been revealed to
inadvertently reinforce gender stereotypes through its re-
sponses (Gross 2023). This phenomenon not only reflects
but can also amplify existing societal biases. Further explo-
rations into the ethical and social challenges posed by Chat-
GPT, contribute to a multifaceted discourse around the re-
sponsible deployment of Al (Ray 2023; Van Dis et al. 2023).
Although research exploring gender biases in LLMs exists,
it often does not specifically address how these biases influ-
ence concrete decision-making processes such as investment
decisions (Ray 2023). Thus, our study seeks to fill this gap by
specifically examining how these biases affect investment de-
cisions made by ChatGPT 4.0, testing the model’s response
to gender-disclosed versus non-disclosed pitches.

Amid these considerations, the application of advanced
technologies such as deep learning and GNNs in conversa-
tion modeling presents new opportunities. GNNSs, in partic-
ular, have shown promise in capturing complex interaction
dynamics in multi-speaker conversations, effectively model-
ing relationships that traditional models might miss (Zhang
et al. 2019a; Zhou et al. 2020; Liang et al. 2022). However,
the potential of GNNs to detect and analyze gender biases
within conversations remains largely unexplored.

Methodology

Exploring conversational dynamics in videos, our research
constructs a comprehensive methodology to reveal poten-
tial gender biases in multimodal interactions (Figure 1). Ini-
tially, we collected a dataset of 1,091 unstructured multi-
participant video conversations from Shark Tank and de-
veloped a sophisticated data preprocessing phase to handle
voice, face, and text data. From the processed data, we ex-
tracted 30 multimodal features (e.g., vocal emotions, lexi-
cal diversity) to serve as independent variables (IVs) in our
analysis, thereby exploring complexities within the conver-
sational dynamics. To ensure the reliability and validity of
our findings, we integrated a set of control variables, ac-
counting for potential external factors that might influence
the outcomes related to the primary IVs of interest. Sub-
sequently, we combined traditional statistical methods with
advanced models like GNNs to analyze conversational dy-
namics and uncover hidden biases. Lastly, we utilized GPT-
4 to evaluate its predictive capabilities and investigate inher-
ent gender biases, thus providing a thorough inquiry into the
ethical considerations of using Al in decision-making.

Data Preprocessing

Dataset Collection. We collected a dataset of 1,091
unstructured multi-participant video conversations from
YouTube, specifically focusing on investment pitches from
the popular U.S. pitch competition, Shark Tank, where en-
trepreneurs present their ventures to a panel of five investors
for potential investment. This competition has been the sub-
ject of various academic inquiries due to its authentic depic-
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Figure 1: Video Processing Methodology

tion of entrepreneurial pitching (Khurana and Lee 2023; Jet-
ter and Stockley 2023). Our dataset, with each video averag-
ing a length of 10 minutes, was assembled starting with the
collection of foundational information from Wikipedia. This
information contained the name of each start-up and the spe-
cific season-episode they appeared in. With this data at hand,
we executed structured searches on YouTube using the query
”Shark Tank season X episode Y COMPANY_NAME”, en-
abling the location of the corresponding videos.

Voice & Text Processing. First, using the library Pydub,
we extracted the audio from the video files, converted the
stereo audio to mono with sample rate 8kHz-48kHz, and
normalized the audio (based on EBU R128 standard). To
minimize musical distortions, we utilized Spleeter, a pre-
trained deep learning library, and removed any background
music (Hennequin et al. 2020). Then, we used the library
Pyannote-audio (Bredin et al. 2020) to divide the audio
into distinct speech segments (Voice Activity Detection and
Speaker Change Detection). Each speech segment is a con-
tinuous utterance by a speaker and possesses an ID indi-
cating its sequence (e.g., 1), raw audio data, and its time-
frame within the video (e.g., start=23s, end=40s). From the
1091 videos, we obtained over 60600 speech segments, av-
eraging 55 segments per video, each with an average dura-
tion of 8.8 seconds. To identify the various speakers within
a video, voice embeddings for each speech segment were
created using Speechbrain toolkit (Ravanelli et al. 2021).
Subsequently, we employed the DBSCAN algorithm from
Scikit-learn to cluster similar voice embeddings, ensuring
that each cluster represents a unique speaker. By determin-
ing the number of clusters, we ascertained the total number
of participants engaged in each video conversation. Finally,
we converted each speech segment to text using the OpenAl
Whisper tool (Radford et al. 2023).

Face Processing. We then processed the images of the
videos. Specifically, using OpenCV (Bradski and Kaehler
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2008), we first cut each video into frames, with each frame
lasting approximately one second. In total, we have over
670000 frames from the 1091 videos, with each video pro-
viding 615 frames on average. Then, we extracted and
aligned (i.e., rotate face according to the eyes) the face of
each individual using Deepface tool and the MTCNN al-
gorithm (Serengil and Ozpinar 2020). For each extracted
face, we created their face (vector) embeddings using Deep-
face and VGG-Face (Parkhi, Vedaldi, and Zisserman 2015).
Then, we grouped together similar face embeddings using
Scikit-Learn and K-Means (Pedregosa et al. 2011) and cre-
ated N clusters for each video (N = #speakers identified by
voice processing). Each point in a cluster represents a facial
image, while a cluster represents a unique participant.

Merge Voice, Face and Text. Due to the asynchronous
nature of the multimodal data (e.g., the voice of a speaker
could be accompanied by the visual data from another
speaker), we developed a methodology for aligning the
speaker-specific data across different speech segments. Ini-
tially, associating the text with voice was straightforward,
given that the text was directly transcribed from speech seg-
ments, forming a natural linkage. Subsequently, to link the
vocal and facial data, we introduced a mapping methodol-
ogy represented by Formula (1). Let S = {s1,82,...,8n}
be the set of speech segments, F' = {f1, fa, ..., fm} be the
set of facial clusters, and T'( f;, s;) be the number of faces in
facial cluster f; that appear during the timeframe of speech
segment s;. Our objective was to map each speech segment
s; to the facial cluster f; that maximizes the count of face
occurrences 1" during s;.

M(s:) = arg max T'(f;, s:) @

Domain-Specific Processing. To expand our domain-
specific dataset, we manually coded 11 additional variables
from the videos (e.g., business model, #investors). We opted

for manual coding given the nuanced nature of these vari-
ables and the potential inaccuracies of automated methods



in such context-sensitive tasks. We hired 2 experts and pro-
vided them with specific coding guidelines and training prior
to manual coding (Allison et al. 2022). Then, we provided
videos from the 1091 pitches to the first expert to code the
variables. After that, we provided 450 pitches, randomly se-
lected from the whole sample to the second expert to vali-
date the coded variables. The interrater agreement between
the experts was acceptable with a Krippendorff’s a = 0.94.
In the case of disagreements between the two experts, a third
expert validated the coded values.

Next, we categorized participants based on their roles,
such as investors and entrepreneurs. To achieve this, we
calculated the similarity between participants (Formula 2).
Specifically, for each participant ¢ in pitch X, we computed
the cosine similarity of face (Fj;) and voice embeddings
(Vi;) with every other participant j in pitch Y, where N
is the number of participants in all pitches and ¥ # X.
Then, we ranked each participant based on the magnitude of
their cosine similarities (R;), indicating the degree of resem-
blance across pitches. Finally, based on the known number
of investors [ in each pitch, we categorize the top I ranked
participants as investors, and the remaining participants as
entrepreneurs (Formula 3).

N
R; = rank Z Fij + ‘/ij
J=1,j#1

@

Investor ifR;, <1,

otherwise.

3

Cat =
aleeony; {Entrepreneur

Feature Extraction

Independent Variables (IVs). From the preprocessed
data, we extract 30 features, grouped into 9 categories:
Voice Emotions: For identifying voice emotions, we use a
deep neural network (CNN) classification model which pre-
dicts the emotions of a human speaker encoded in an au-
dio file (80% f1 score) (neutral, calm, happy, sad and angry)
(de Pinto et al. 2020).

Voice Pitch: refers to “the relative highness or lowness of a
tone as perceived by the ear, which depends on the number
of vibrations per second produced by the vocal cords” (Bri-
tannica 2020). For measuring the voice pitch, we use Parsel-
mouth tool (Jadoul, Thompson, and De Boer 2018).

Voice Articulation Rate: Articulation rate is a prosodic fea-
ture defined as “a measure of rate of speaking in which all
pauses are excluded from the calculation” (Goldman-Eisler
1961). For measuring the articulation rate of a speaker, we
use Praat tool (Boersma and Weenink 2018).

Facial Expressions: For identifying facial expressions, we
use Face++. It captures 7 expressions (happiness, sadness,
surprise, anger, fear, disgust and neutral) and is used widely
in the research community (Wang, Otto, and Jain 2016) as it
has 90.6% accuracy for face detection (Jung et al. 2018).
Text Emotions: For measuring sentiment and text emotions,
we utilize two different tools based on BERT (Devlin et al.
2018). First, we use RoBERTa, a language model for senti-
ment analysis (95% accuracy) and emotion detection (sad-
ness, happiness, love, anger, fear and surprise; 93.95% ac-
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curacy) (Liu et al. 2019). Then, we use FinBERT, a lan-
guage model for financial sentiment analysis with an accu-
racy score of 86% (e.g. “Pre-tax loss totaled euro 0.3 mil-
lion”) (Liu et al. 2021).

Social Dimensions in Conversation: Social dimensions re-
fer to various aspects of social interactions and relationships
that can be identified and measured through the analysis of
conversations. These dimensions can include power dynam-
ics, emotional states, social identities, and norms and expec-
tations around communication styles. To measure these so-
cial dimensions, we use a deep neural network that predicts
the type of the relationship that is expressed in text (trust,
conflict, knowledge, power, status, support, romance, simi-
larity, identity and fun; 0.85 AUC) (Choi et al. 2020).

Lexical Diversity: Lexical diversity refers to the range of dif-
ferent words used in a text, with a greater range indicating
a higher diversity (McCarthy and Jarvis 2010). To measure
lexical diversity, we use the state-of-the-art algorithm called
MTLD (McCarthy and Jarvis 2010).

Lexical Sophistication: The construct of lexical sophistica-
tion includes both the depth and breadth of lexical knowl-
edge (i.e. range of advanced words used) (Read 2013). For
measuring lexical sophistication, we utilize TAALES 2.0
tool (Kyle, Crossley, and Berger 2018).

Uncertainty: To measure the “uncertainty” of speakers, we
filter their speech transcripts using the lexicon of Loughran
and McDonald (Loughran and McDonald 2011), and count
the occurrences of the “uncertain” words.

Control Variables. We control for several factors that
could bias our data analysis. First, we control for the sea-
son of each pitch (e.g. dummy/binary variables for the
12 seasons of Shark Tank) to account for the impact of
the global investment climate during the year of the film-
ing, as well as slight variations in the show’s format (e.g.
in season 5 they removed a fee in the form of equity
or royalties paid simply for appearing on the show) (Jet-
ter and Stockley 2023). We control for the total number
of presenters in a pitch, their ethnicity ("Black”, *White”,
”Asian”, "Mixed”) and their age (as given by Face++,
MAE=7.65) (Lavanchy, Reichert, and Joshi 2022; Allison
et al. 2022). Furthermore, we control for whether the pre-
senters have a patent for their product ("Patent Obtained”,
“Patent Filed/In-Progress”, ”No patent effort”) (Lavanchy,
Reichert, and Joshi 2022) and whether they have a loan/debt
(1 or 0) related to their business. In addition, we control
for whether a product/service is seasonal (1 or 0) (e.g., a
product/service gets most of their sales in specific periods
like summer or Christmas), its distribution channels ("Phys-
ical”, ”Web”, "Both”) and the revenue model of the ven-
ture (“Production/Transactional model”, “Rental/Leasing
model”, ”Subscription model”, ”Other”). We also control
for the following industries, “Children/Education”, “Fash-
ion/Beauty”, “Fitness/Sports/Outdoors”, “Food and Bever-
age”, ‘“Health/Wellness/Cleaning”, “Lifestyle/Home”, ‘“Pet
Products”, “Software/Tech”, “Other” (Jetter and Stockley
2023). Finally, we control for the revenue of the venture in
the previous year (Lavanchy, Reichert, and Joshi 2022).



Dependent Variable (DV). Following prior en-
trepreneurial research, funding was operationalized as
a binary variable indicating whether a venture has received
an offer (1) or not (0) (Jetter and Stockley 2023).

Modeling and Explainability

Statistical Modeling. To analyze our dataset, we initially
adopt logistic regression, a widely-used technique in data
analysis literature. This approach necessitates aggregating
information from individual speech segments within each
video. Specifically, we extract the relevant features from
each segment and compute a weighted average score for the
entire video. This weighted average takes into account the
time contribution of each team member’s speech segment
within the pitch. Separate weighted averages are calculated
for entrepreneurs and investors, respectively, using the time
proportion of their individual speech segments. Formula (4)
and (5) elucidates how these weighted averages are deter-
mined. This aggregated data serves as the foundation for the
logistic regression analysis carried out in our study.

SE
Entrepreneurs avg score(F') = Z

=1

Secs(7) - Score(F, 1)
3272, Sees(3)

“

SI

>

i=1

Secs(4) - Score(F, 1)
>5L Sees(;)

SE, SI = Speech Segments of Entrepreneurs or Investors, F =
Feature

GNN Modeling and Explainable AI. While the statis-
tical modeling can successfully identify the differences of
the multimodal cues between speakers, it has a limitation.
Specifically, it uses a static approach that averages speaker
features across the entire video, failing to capture the dy-
namic nature and temporal patterns of the conversation.
Consequently, it is unable to fully account for the temporal
dependencies and relationships between speakers through-
out the conversation.

To address the aforementioned limitations and drawing
on insights from previous studies, we introduce a GNN
model to capture the dynamic interactions between partici-
pants (e.g., entrepreneurs and investors) as a graph. By trans-
forming each conversation into a graph representation, we
not only capture the temporal dependencies inherent in the
dialogue but also identify pivotal nodes and features (e.g.,
key conversational turns) that significantly influence the out-
come of a conversation. Our preference for GNNs over other
models (e.g., RNN, transformers) is due to their superior
ability to handle conversational data and track the evolving
significance of conversational segments (Liang et al. 2022;
Chen et al. 2022). Furthermore, research supports that GNN's
excel in tasks where the graph’s connectivity and complex-
ity are critical to the task (Di Massa et al. 2006; Abadal et al.
2021). Thus, through this approach, we aim to provide a
more comprehensive understanding of the multimodal cues
and their role in predicting the success or failure of pitches
in competitions.

&)

Investors avg score(F)
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To implement this approach, we first extract the mul-
timodal cues from each speech segment per conversation
(Figure 2). Subsequently, we create a graph representation
of each conversation, where speech segments serve as nodes
and conversational flow as edges. Following graph construc-
tion, we employ a GNN architecture which consists of a 4-
layer structure: two GCN layers to effectively perceive local-
ized node features, a linear layer for mapping learned repre-
sentations, and an LSTM layer to grasp temporal dependen-
cies within the dialogues. The model includes a global mean
pooling step and a dropout layer with a rate of 0.5 for regu-
larization before classification through a log-softmax layer.
Importantly, the model’s design ensures that hidden layers
halve their size successively, starting with an initial dimen-
sion of 128 for the first layer. Also, we use the Adam opti-
mizer, defined by a learning rate of 0.01, and train utilizing
Cross-Entropy Loss. For hyperparameter optimization, we
employ grid search for maximizing the F1 score. Two spe-
cific GNN models are trained, each tailored to a gender de-
mographic: one utilizing graphs from females, and the other
from males, thereby enabling the models to decipher fea-
ture importance and predict the likelihood of pitch funding
within gendered contexts.

To interpret and explain the predictions made by our mod-
els, we utilize Explainable Al tools such as Pytorch (Paszke
et al. 2019), CAPTUM (feature importance) (Kokhlikyan
et al. 2020), and GNNExplainer (node importance) (Ying
et al. 2019). Based on these tools, we extract the feature
importance per graph/pitch. Our resulting dataset comprises
897 rows, with 272 rows for the female pitches and 625 rows
for the male pitches. The dataset has N columns, represent-
ing the number of features, and each cell in the dataset con-
tains the importance score of a specific feature for a given
pitch. These scores help identify the key factors that con-
tribute to the success or failure of a pitch.

To compare the importance of features and nodes be-
tween female and male entrepreneurs, we employ unpaired
t-tests. This analysis allows us to assess any differences in
feature and node importance based on gender. Additionally,
we evaluate the predictive performance of our trained GNN
models using stratified 5-fold cross-validation to ensure ro-
bustness across different subsets of the data.

LLM Modeling. In light of the advancements in LLMs,
we incorporate GPT-4 into our analysis to evaluate its ana-
lytical capabilities and potential gender biases. Utilizing text
transcripts derived through our computational methodology,
we first anonymize the text transcripts of Shark Tank pitches
by removing identifiers such as the entrepreneurs’ name,
product name, and company name to prevent data leakage.
We then use these anonymized transcripts to present GPT-4
with two distinct versions, one with and one without gen-
der identifiers, allowing us to explore how gender disclosure
influences the model’s investment predictions.

Utilizing t-tests and regression analysis, we assess how
the concealment or disclosure of gender influences GPT-
4’s decision-making processes. This approach allows us to
probe the latent biases that may be intrinsic to Al systems
and highlights the ethical dilemmas of employing Al in crit-
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ical decision-making scenarios, such as entrepreneurial in-
vestment settings (Zhou et al. 2023; Rivas and Zhao 2023).
Moreover, we conduct a comparative analysis between GPT-
4’s performance and that of our trained GNN models. This
comparison is pivotal, as it not only evaluates the perfor-
mance but also the extent of gender bias in the predictions of
these advanced Al models, thereby elucidating the strengths
and limitations of state-of-the-art LLMs versus custom-
trained neural networks in real-world investment scenarios.

Experiments

System Performance

In the empirical evaluation of the proposed system, com-
putational performance was assessed using a hardware con-
figuration of 2 x Intel(R) Xeon(R) Gold 6230 CPUs @
2.10GHz, a Nvidia Tesla T4 GPU 16GB GDDR6 VRAM,
and 96GB RAM. Our performance analysis reveals a signif-
icant linear relationship (p < .001) between the video du-
ration and processing time, underscoring the computational
efficiency and scalability of the system across various video
lengths. Moreover, the system maintained a consistent per-
formance profile across all processing categories (Figure 3),
thus enabling accurate forecasting of resource utilization and
processing time for different video durations.
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Descriptive Statistics

As we set the stage for our experiments, understanding
the underlying trends within our dataset becomes crucial.
Hence, in Figure 4, we provide a snapshot of gender dis-
tribution among both investors and entrepreneurs in Shark
Tank. These figures show a notable predominance of male
investors (69%) and male-led start-ups (57%), yet also in-
dicate that female-led start-ups tend to secure funding more
frequently (71%) than their male-only counterparts (66%).

Data Analysis Using Logistic Regression

Entrepreneurs’ Cues: Our first line of inquiry focuses
on the differential effects of entrepreneurs’ vocal, visual,
and verbal attributes on funding between males and fe-
males. Through separate regression analyses for each gen-



Feature Females Males Test Diff.
(E) Trust -0.010 0.105%** 3.97*
(E) Conflict -0.093%** 0.005 7.54%*
(E) Knowledge 0.012 -0.055%** 6.46*
(E) Lexical Diversity 1.363 -2.238%* 5.17*
(E) Uncertainty 0.300%** 0.094* 5.07*
(I) Conflict -0.108*** (0,051 *** 5.41%
(I) Power -0.012 0.034%** 6.70%*
(E) (INT) Articulation 0.181 -0.060 5.19%
Rate x Knowledge

(E) (INT) Vocal Happi- -0.130 0.568%** 6.07*
ness x Financial Senti-

ment

(E) (INT) Voice Pitch x -0.001 0.001 8.99%*
Facial Sadness x Con-

flict

(E) (INT) Articulation 0.000* 0.000 4.81%*
Rate x Smiling x Lex-

ical Sophistication

(E) (INT) Articulation 0.000%** -0.000 9.06**

Rate x Facial Anger x

Lexical Sophistication

Notes. * * xp < .001,% x p < .01,%p < .05; (I): Investor’s
Feature, (E): Entrepreneur’s Feature, (INT): Interaction Term

Table 1: Logistic regression - Compare the importance fea-
tures between males and females

der, we examined 30 independent variables (IVs). Our pri-
mary findings, summarized in Table 1, spotlight five key
attributes—trust, conflict, knowledge, lexical diversity, and
uncertainty—where the impact on funding varies signifi-
cantly between the two genders.

For instance, showing trust in investors appears to bol-
ster funding opportunities for males, while for females, the
same trust can be neutral or even detrimental. Conversely,
conflict with investors harms females but has minimal effect
on males, highlighting gender biases in conflict perceptions.
Showing in-depth knowledge or increased lexical diversity
can dissuade investment for males; however, these attributes
don’t pose the same disadvantage for females, suggesting
gender-specific interpretations. Uncertainty stands out as the
only attribute that is beneficial for both genders, but more
so for females, possibly viewed as greater self-awareness.
These results, backed by statistical evidence, underscore the
multifaceted complexities in interpersonal communication.

Investors’ Cues: Building on our earlier examination of
entrepreneurs’ cues, we turned our lens toward investors’ vo-
cal, visual, and verbal reactions to explore their role in the
funding process, and more importantly, how they affect male
and female entrepreneurs differently. Our analysis, separated
by gender and exploring 30 investors’ cues, zeroes in on two
key investor indices—conflict and power scores—as these
exhibited significant gender-based variations in funding.

In summary, our findings reveal that investors’ behav-
ior significantly contributes to gender disparities in funding
(Table 1). Specifically, higher conflict scores from investors
disproportionately disadvantage female entrepreneurs. This
suggests that females, more than males, might be penalized
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Figure 5: Two-way Interactions of Entrepreneurs’ Charac-
teristics (Low = -1SD, High = +1SD)

for any perceived differences or disagreements with poten-
tial investors. Conversely, a higher power score from in-
vestors significantly benefits male entrepreneurs but not fe-
males. This implies that investors, perhaps subconsciously,
lean toward supporting pitches where they can exercise con-
trol, especially if presented by male entrepreneurs.

Two-Way Interactions: To delve deeper into our anal-
ysis, we introduce two-way interaction terms (Jaccard and
Turrisi 2003). These involve creating a product term be-
tween two variables to gauge if the effect of one variable
is modulated by the level of a second variable. In the con-
text of our study, this allows us to observe how paired cues
of entrepreneurs jointly affect funding decisions, and if the
combined effects differ between males and females. Our
investigation uncovers two significant gender-based differ-
ences. First, in the interaction between ’Articulation Rate’
and 'Knowledge’ (Figure 5a), we find a statistically signif-
icant disparity between males and females (z%(1) = 5.19,
p < .05). Notably, rapid speech combined with in-depth
knowledge substantially boosts funding chances for females
(p < .001). Second, the interaction between ’Vocal Happi-
ness’ and "Financial Sentiment’ (Figure 5b) diverges signif-
icantly between genders (z%(1) = 6.07, p < .05). While
negative financial sentiment diminishes funding prospects
for both genders, a cheerful tone mitigates this effect sig-
nificantly more for females than for males (p < .001).

Three-Way Interactions: Further, we introduce three-
way interactions to assess if the combined effect of two
variables on an outcome is influenced by a third vari-
able’s level. For our study, this means assessing how the
interplay among three cues of entrepreneurs affect fund-
ing and discerning gender-specific patterns. Our analysis re-
veals three gender-based differences. First, the interaction
between ’Voice Pitch’, *Facial Sadness’, and ’Conflict’ (Fig-



Features Males (N=625) Females (N=272) t p-value
Mean SD Mean SD
(E) Trust 0.002 0.006  -0.000 0.001 5.255 0.000
(E) Conflict 0.001 0.002  -0.000 0.015 2472 0.014
(E) Knowledge 0.002 0.014  0.004 0.006 -2.348  0.019
(E) Uncertainty -0.002 0.001  0.001 0.013 -2.746  0.006
(I) Conflict 0.002 0.003  -0.000 0.023 2.639 0.009
(I) Power 0.002 0.007  0.001 0.006 2.388 0.017
(E) (INT) Articulation Rate x Knowledge -0.001 0.009  0.004 0.009 -6.619 0.000
(E) (INT) Vocal Happiness x Financial Sentiment 0.001 0.003  0.000 0.002 3.066 0.002
(E) (INT) Voice Pitch x Facial Sadness x Conflict 0.000 0.000 -0.000 0.000 2.547 0.011
(E) (INT) Articulation Rate x Smiling x Lexical sophistication -0.000 0.001  -0.000 0.001 -2.268 0.024
(E) (INT) Articulation Rate x Facial Anger x Lexical Sophistication -0.001 0.001  -0.000 0.000 -3.833 0.000

Notes. (I): Investor’s Feature, (E): Entrepreneur’s Feature, (INT): Interaction Term

Table 2: GNN - Two-sample t-test to compare the importance features between males and females
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ure 6a) significantly differs between the genders (z%(1) =
8.99, p < .01). Female entrepreneurs are more likely to se-
cure funding when they have a high-pitched voice, exhibit
sadness, and avoid conflict (p < .001). Second, the inter-
action among ’Articulation Rate’, *Smiling’, and ’Lexical
Sophistication’ (Figure 6b) diverges significantly between
males and females (z2(1) = 4.81, p < .05). Females are
more likely to receive funding when speaking quickly, re-
fraining from excessive smiling, and using straightforward
language (p < .01). Lastly, the interaction between ’Artic-
ulation Rate’, "Facial Anger’, and ’Lexical Sophistication’
(Figure 6¢) is also significantly different between genders
(x%(1) = 9.06, p < .01). Specifically, females are more
likely to secure funding when they speak quickly, appear less
angry, and use simpler language (p < .001).

GNN

After conducting initial analyses with logistic regression,
we sought to validate and potentially refine our findings
using GNN models. Specifically, our first point of inves-
tigation was to re-examine the differential effects of en-
trepreneurs’ cues on funding based on gender. For brevity
and focus, we concentrated on the 5 cues that previously
showed gender-based disparities in their effect on funding:
trust, conflict, knowledge, lexical diversity, and uncertainty.
Table 2 presents the independent t-tests, comparing the sig-
nificance of these feature importances for both genders. The
results reaffirm our earlier findings, indicating that all ex-
amined features have significantly different impacts on male
and female entrepreneurs.

Our subsequent analysis with the GNN models centered
on the 2-way and 3-way interaction effects. Again, we aimed
to validate if the combined effects of certain attributes on
funding varied significantly between male and female en-
trepreneurs. Table 2 provides the independent t-tests com-
paring these interaction effects for both genders. Consistent
with our logistic regression analyses, the results from the
GNN models corroborate that all inspected 2-way and 3-way
interactions exhibit significant gender-based variations.

Next, we conduct a structural analysis of the graph-
s/pitches and extract the most important node/segment for



Model Precision Recall F1
GNN - Vocal (F) 0.70+£0.07  0.63+0.03  0.64+0.03
GNN - Vocal (M) 0.64+0.04 0.60+£0.03  0.60+0.04

" GNN - Facial (F) ~ 0.65+0.07  0.61+£0.05 ~ 0.61x0.07
GNN - Facial M)  0.64+0.03 0.60+£0.02  0.60%£0.03

" GNN - Verbal (F) ~ 0.69+0.05 ~ 0.66+0.04  0.67+0.04
GNN - Verbal M) 0.61+0.14 0.57£0.11 0.57%0.11

"GNN-AN(F)  ~  0.72£0.05  0.69£0.06 0.70+0.06
GNN - All M) 0.69£0.04 0.67+£0.02 0.66+0.02

F: Females, M: Males

Table 3: Performance of GNNs using Stratified 5-fold CV

each pitch. Our findings reveal a significant gender-based
difference in the timing of the most pivotal speech segment
for entrepreneurs who successfully received funding (p <
.001). Specifically, we observe that this critical segment oc-
curred notably earlier for females, around 33% into the con-
versation, while for males, this segment emerged around
50% into the pitch. Additionally, this specific segment was
found to be significantly more influential in predicting pitch
success for males (p < .001). On the other hand, for en-
trepreneurs who did not secure funding, the timing of the
most crucial speech segment showed no significant differ-
ence between genders (p > .1). These insights could in-
dicate that investors’ information processing may vary de-
pending on the entrepreneur’s gender. This might also sug-
gest variations in strategic pitching approaches between gen-
ders. For instance, in the case of female entrepreneurs, the
findings could suggest that investors are persuaded earlier in
the pitch, potentially because essential information is pre-
sented sooner. Alternatively, it might point to an underlying
gender bias in investors’ decision-making processes.

We next evaluate the predictive performance of the GNN
model for male and female entrepreneurs (Table 3). We find
that the models trained with all types of features (vocal, fa-
cial, verbal) outperform those trained solely on vocal, facial,
or verbal features (p < .000, p < .000 and p < .000,
respectively). Furthermore, the GNN model, trained with
all types of features, achieved an F1 score of 0.70 for fe-
males and 0.66 for males, while the difference in predictive
performance between the genders is statistically significant
(p < .000). Interestingly, despite having approximately 2.3
times more data for males than for females, our results sug-
gest that female entrepreneurs may be more expressive and
easier to predict than their male counterparts.

Finally, to test for gender bias within our model, we con-
duct a t-test comparing the predictions for male and female
entrepreneurs (Table 4). We find that the difference in pre-
dictive performance between the genders is not statistically
significant (p > .1), indicating no evident gender bias.

GPT-4

In our evaluation process of GPT-4, we analyzed its per-
formance using real data from Shark Tank pitches to ex-
plore its decision-making capabilities and potential gender
biases, comparing it to our trained GNN models (multimodal
and text-only) to benchmark its effectiveness. Initially, we
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Males Females t p-value
Mean SD Mean SD
GNN-All 0.736 0.441 0.739 0.440 -0.093 0.926

Table 4: Two-sample unpaired t-test to compare the predic-
tions of GNN between males and females

anonymized the pitches by hiding identifiers such as the en-
trepreneurs’ name, product name, and company name us-
ing GPT-4 to prevent data leakage (Prompt 1). Then, we
presented the same anonymized pitch twice: once without
revealing the gender of the entrepreneurs (Prompt 2) and
once with gender disclosure (Prompt 3). By presenting the
same pitch twice—once without and once with gender in-
formation—we were able to directly compare the model’s
responses and identify any potential gender bias. These tests
were conducted using the April 9, 2024, release of GPT-4.0
Turbo, and at a temperature setting of 0 to ensure determin-
istic and predictable response patterns, crucial for evaluating
consistent patterns in Al behavior.

Prompt 1: From the provided pitch, please conceal the
names of the entrepreneurs, the product, and the company.
DO NOT CHANGE ANYTHING ELSE. PITCH: "Text”

Prompt 2: Predict whether the startup pitch is likely to be
funded by the investors on the US version of the TV show
"Shark Tank’. Consider the show’s historical funding pat-
terns, investor personalities, and the entertainment value of
the pitch, alongside traditional business evaluation criteria
such as Problem and Solution, Business Model, Market Po-
tential, Sales and Financials, Team Motivation, Risks and
Concerns, and Valuation. PROVIDE ONLY ONE CHOICE
FOR YOUR DECISION. The output should have the follow-
ing format: 'Funded’ or ’Not Funded’ Also, provide a few
keywords for your chain of thought. PITCH: "Text”

Prompt 3: PROMPT 2 + The following pitch belongs to a
team of female/male entrepreneurs.

First, we evaluate the predictive performance of GPT-
4 (Table 5) by comparing it against our domain-specific
trained GNN models, focusing initially on textual data to
ensure a fair comparison. In this context, our textual GNN
model outperformed GPT-4 by 10.8% in F1 score for female
entrepreneurs and by 4.9% for male entrepreneurs. To fur-
ther enhance our analysis, we also assessed GPT-4 against
our multimodal GNN model, which includes verbal, vocal,
and facial cues. Here, the GNN model demonstrated supe-
rior performance, outperforming GPT-4 by 13.8% for fe-
males and 13.9% for males in F1 score. These results under-
score the effectiveness of integrating multiple data modal-
ities, which significantly boosts prediction performance.
Overall, while GPT-4 is known for its robust textual data
processing capabilities, our findings highlight that domain-
specific trained models can achieve higher performance.

Next, to investigate whether GPT-4 exhibits gender bias,
we conducted unpaired t-tests comparing the GPT-4 pre-
dictions for male and female entrepreneurs (Table 6). Ini-
tially, with gender not disclosed, there was no significant



Model Precision  Recall F1
GPT-4.0 Turbo (F) 0.794 0.435  0.562
GPT-4.0 Turbo (M) 0.736 0.404 0.521

F: Females, M: Males

Table 5: GPT-4.0 Performance in Predicting ’Shark Tank’
Investment Outcomes

Males Females t p-value
Mean SD Mean SD
W/O Gender 0.359 0.480 0.391 0.489 -0.877 0.381
W/ Gender 0423 0.494 0.556 0.498 -3.619 0.000

Table 6: Two-sample unpaired t-test to compare the predic-
tions of GPT-4 between males and females

difference in predictions between genders (p > .1). How-
ever, after disclosing gender, predictions for female en-
trepreneurs were significantly more favorable than for male
entrepreneurs (p < .001), suggesting a gender bias. To fur-
ther validate these findings, we performed a logistic regres-
sion analysis with the DV being the predictions of GPT-4
and the main IV being the interaction term between ’isFe-
male’ x ’Gender Revealed’. This analysis confirmed that
the differences in predictions became statistically significant
(p < .001) and favored females once gender was disclosed
(Figure 7). These results substantiate the presence of gender
bias in GPT-4 investment decisions when gender is known.

To validate the reasoning and output of GPT-4 in our in-
vestment prediction evaluation, we analyzed the keywords
derived from Prompt 2, which highlight its chain-of-thought
for each prediction (Figure 8). Our findings reveal distinct
patterns in the reasoning process of GPT-4. For pitches pre-
dicted as likely to be funded, the five most frequently cited
reasons were “Innovative Product”, "High Market Poten-
tial”, ’Clear Problem/Solution”, ”Entertainment Value”, and
“Engaging Presentation”. In contrast, for pitches deemed
unlikely to be funded, the reasons included “Niche Mar-
ket/Product”, ”Financial Concerns”, ”’Unclear Presentation”,
“Early Stage Product”, and “Scalability Concerns”. These
insights provide a deeper understanding of the factors GPT-
4 considers significant in determining the potential success
or challenges of entrepreneurial ventures.
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Figure 7: Two-way Interaction - Gender Disclosure Effects
on GPT-4’s Funding Decisions
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Figure 8: Top 10 Reasons for Funding Decisions of GPT-4

Limitations and Future Work

This study, while comprehensive in its approach, encoun-
ters certain limitations that must be acknowledged. Firstly,
the accuracy and inherent limitations of the Al tools that
were employed to extract 30 distinct characteristics of en-
trepreneurs and investors, can significantly impact our over-
all findings. These tools, while advanced, are not flawless
and their performance can vary, potentially affecting the re-
liability of the feature extraction process. Specifically, the
CNN model used for voice emotion detection may vary
in effectiveness across different accents and audio quali-
ties, possibly skewing emotion recognition results. Simi-
larly, Parselmouth, which measures voice pitch, and Praat,
which assesses articulation rate, could both be affected by
audio quality and background noise, impacting their accu-
racy. Face++, used for facial expressions, may also exhibit
inconsistencies due to different lighting conditions or image
qualities. Additionally, text analysis tools like RoOBERTa and
FinBERT may carry biases from their training data, which
could affect their accuracy, particularly in specialized con-
texts like financial sentiment analysis. Tools such as MTLD
and TAALES 2.0, which measure lexical diversity and so-
phistication, may not fully capture the range of vocabulary
if speakers use specialized jargon or non-standard language
forms. Finally, the use of the Loughran and McDonald lex-
icon to measure uncertainty might also fail to capture the
contextual nuances of how uncertainty is expressed, poten-
tially limiting the breadth of detected uncertainties.

Another limitation of our research is that focuses exclu-
sively on U.S.-based episodes of Shark Tank, which may
introduce cultural biases. This geographical concentration
means the findings might not be fully representative or ap-
plicable to entrepreneurial dynamics in different cultural or
business contexts. As such, the results should be interpreted
with an understanding of these potential limitations and the
specific context of the U.S. business environment. Addition-
ally, our methodological choice to model conversations with
a linear, unidirectional graph might oversimplify the com-
plex dynamics of real-life interactions.



For future research, we aim to investigate more complex
graph structures to better understand non-linear discourse re-
lationships (Chen et al. 2022), enhancing our modeling ca-
pabilities for real conversations. This exploration will com-
plement our ongoing efforts to explore various demographic
biases, including those based on ethnicity or age, thereby
enhancing our understanding of communication biases. Ex-
tending this approach further, significant insights could be
gained by applying our methodology to areas such as online
job interviews, law videos, and media interviews. Investigat-
ing biases in hiring decisions through online job interviews,
uncovering conviction biases related to gender or ethnicity
in law videos, and exploring how gender biases influence
interviewer and guest interactions are just a few examples.
These applications could not only broaden the scope of our
methodology but also deepen our understanding of commu-
nicative processes in various professional settings.

Conclusion

Our research offers a pioneering exploration into the com-
plexities of multimodal communication and its intersection
with gender bias. By leveraging deep learning algorithms,
we construct a methodology for extracting multimodal cues
from unstructured video conversations, subsequently mod-
eled using a GNN architecture. Our approach efficiently cap-
tures the complex dynamics of multi-participant dialogues.
Central to our findings is the elucidation of how various mul-
timodal cues, within the domain of investment decisions,
vary considerably based on gender. Moreover, our utiliza-
tion of GPT-4 in decision-making simulations underscores
both the potential and caution needed with Al systems, es-
pecially concerning biases, emphasizing the imperative for
rigorous fairness assessments in Al-driven outcomes.

Data and Code Availability

Data and code are available in:
https://github.com/dstefa02/GNN-and-LLM-Insights-
Multimodal-Cues-and-Gender-Disparities-in- Video-
Conversations.

Ethics Statement

All results presented in this paper are based on aggregated
estimates and do not contain any individual information.
The participants in "US Shark Tank’ are aware of the pub-
lic broadcast and wide accessibility of the content they ap-
pear in. Episodes utilized for analysis were accessible on
YouTube, reflecting their availability in the public domain.
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