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ABSTRACT 
Acquiring funding for a startup venture often involves pitching a 
business idea to potential investors. Insight into the nonverbal be-
havioral cues that impact the investment decision making process 
can help entrepreneurs to improve their persuasion skills and can 
provide valuable insights to investors and researchers. Previous re-
search on the prediction of investment decisions in entrepreneurial 
pitches has primarily focused on analyzing (usually unimodal) be-
havioral cues from pitchers only. To address this gap, in this study 
we compare the predictive performance of diferent feature sets 
consisting of nonverbal behavior cues from diferent modalities (i.e., 
facial expressions, head movement, and vocal expressions) from 
both pitchers and investors and their self-reported characteristics. 
Our fndings show promising results for the prediction of investor’s 
evaluations of entrepreneurial pitches. Multimodal behavioral cues, 
especially head movement and vocal expressions, were found to be 
most predictive. 

CCS CONCEPTS 
• Computing methodologies → Biometrics. 

KEYWORDS 
Entrepreneurial pitch competition, Decision making process, Social 
signal processing, Nonverbal behavior, Multimodal interaction 

ACM Reference Format: 
Kostas Stoitsas, Itır Önal Ertuğrul, Werner Liebregts, and Merel M. Jung. 
2022. Predicting evaluations of entrepreneurial pitches based on multimodal 

Permission to make digital or hard copies of all or part of this work for personal or 
classroom use is granted without fee provided that copies are not made or distributed 
for proft or commercial advantage and that copies bear this notice and the full citation 
on the frst page. Copyrights for components of this work owned by others than the 
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or 
republish, to post on servers or to redistribute to lists, requires prior specifc permission 
and/or a fee. Request permissions from permissions@acm.org. 
ICMI ’22 Companion, November 7–11, 2022, Bengaluru, India 
© 2022 Copyright held by the owner/author(s). Publication rights licensed to ACM. 
ACM ISBN 978-1-4503-9389-8/22/11. . . $15.00 
https://doi.org/10.1145/3536220.3558041 

nonverbal behavioral cues and self-reported characteristics. In INTERNA-
TIONAL CONFERENCE ON MULTIMODAL INTERACTION (ICMI ’22 Com-
panion), November 7–11, 2022, Bengaluru, India. ACM, New York, NY, USA, 
6 pages. https://doi.org/10.1145/3536220.3558041 

1 INTRODUCTION 
Nowadays for entrepreneurs the process of getting funding com-
monly involves a pitch of their business idea to potential investors. 
The success of the pitch does not depend exclusively on the content 
of the presentation, personal characteristics such as demographics, 
entrepreneurial traits, and competencies might also play a signif-
icant role in the outcome [9, 11]. Additionally, the nonverbal be-
havior of pitchers such as facial and vocal expressions, gestures, 
body posture, eye contact, and gaze might be potential predictors 
of their success [12, 17, 19]. 

In the crowdfunding domain, several studies have explored pre-
dictors of successfully funded projects. For example, [29] presented 
promising results for the prediction of success of crowdfunding 
projects based on a combination of diferent feature sets including 
project and founder characteristics, text descriptions, and audio fea-
tures extracted from promotion videos by leveraging a pre-trained 
VGG-ish deep neural network. In a study on facial expressions 
displayed in pictures on crowdfunding pages, results showed that 
moderate display of expressions of happiness and sadness had a 
positive efect on funding decisions [27]. In contrast, showing high 
intensity emotions was found to have a negative impact. 

In the context of entrepreneurial pitches, a similar inverted U-
shaped relation was found between the expression of joy by pitchers 
and the attraction of funding [19]. Another study expanded on these 
fndings, showing inverted U-shaped patterns for frequencies of 
facial expressions of happiness, anger, and fear whereas expressions 
of sadness were found to have an negative impact on funding deci-
sions [35]. Moreover, the use of gestures to convey a business idea 
was found to have a positive efect on persuading investors while 
the use of literal or fgurative language to describe the business 
idea had little impact [12]. These fndings suggest that behavioral 
cues, when used appropriately, can be used to grasp the attention 
of the investors. 

121



ICMI ’22 Companion, November 7–11, 2022, Bengaluru, India Stoitsas et al. 

Previous research on the prediction of investment decisions in 
entrepreneurial pitches has primarily focused on analyzing (usually 
unimodal) behavioral cues from pitchers only [17]. In contrast, in 
studies on predicting hiring decisions based on employment inter-
views, multimodal behavior expressed by both parties have been 
considered. For example, multimodal behavioral cues expressed by 
both the job applicant and interviewer during a job interview have 
shown to be predictive of hirability [25]. Audio cues from appli-
cants regarding speaking activity (e.g., use of short utterances) and 
prosody and visual cues from the interviewer (e.g., head nodding) 
have been found to be most predictive. Interestingly, applicant’s 
answers on questionnaires commonly used for personnel selection 
were found to have no predictive value. In another study on pre-
dicting hiring decision based on asynchronous video interviews, 
multimodal models trained on verbal content, speech prosody, and 
facial expressions were found to outperform unimodal models [18]. 
These studies highlight the importance of multimodal behavioral 
cues of both parties for understanding decision making processes 
based on presentations. 

To address this gap the contributions of the current study are 
two-fold: 1) in our prediction models we also include extracted 
behavioral cues of investors and from interactions between pitcher-
investor pairs; 2) cues from diferent modalities are included. The 
predictive performance of diferent feature sets are compared, con-
sisting of nonverbal behavior cues from diferent modalities (i.e., 
facial expressions, head movement, and vocal expressions) from 
both pitchers and investors and their self-reported characteristics. 
Models for the automatic prediction of invest decisions can be 
integrated into training applications to help entrepreneurs to im-
prove their pitching skills and can provide investors and researchers 
with insights into the decision making process. Our fndings show 
promising results for the prediction of investor’s evaluations of en-
trepreneurial pitches. Multimodal behavioral cues, especially head 
movement and vocal expressions, were found to be most predic-
tive whereas self-reported characteristics were found to be least 
predictive. 

2 METHOD 

2.1 Entrepreneurial pitch data-set 
In this study we used a data-set containing video recordings from 
entrepreneurial pitch competitions and survey data from the pitch-
ers and investor panels [22]. Data was collected with the aim of 
improving our understanding on the decision making process in 
an entrepreneurial context by applying modern-day data science 
techniques [21]. The data collection and management process has 
been approved by the ethics committee of the Tilburg School of 
Economics and Management. 

2.1.1 Video data. The data-set included video recordings from 
individuals who perform an entrepreneurial pitch on behalf of their 
team about their start-up business idea and from a panel of up to 
three investors who are assessing the pitches. The pitchers were 
university students who took part in the pitch competition as part 
of a course on entrepreneurship in data science. The investors 
were all professionals with extensive experience in the industry. 

Pitchers had a maximum of three minutes to perform their pitch. 
An interactive session with a maximum of ten minutes followed 
directly after the pitch where the investors could ask questions to 
the pitcher. For the purpose of this study, only the video recordings 
of the three minute pitch sessions were considered. In total, we 
included 20 pitches from three pitch sessions involving a total of 53 
pitcher-investor interactions. Pitch session 1 contained 7 pitches 
and a panel of 3 investors; pitch session 2 included 7 pitches and 2 
investors; and pitch session 3 included 6 pitches and 3 investors. 

2.1.2 Survey data. The data-set also contained self-reported survey 
data as various characteristics (e.g., personality, experiences, and 
attitudes) have been found to afect investment decisions [9, 11]. 
An overview of the characteristics of the pitchers and investors that 
were included as predictors for evaluating pitch outcomes is pro-
vided in Table 1. The HEXACO Personality Inventory-Revised was 
used to assess six major personality dimensions for both pitchers 
and investors: honesty-humility, emotionality, extroversion, agree-
ableness (versus anger), conscientiousness, openness to experiences 
[1]. Moreover, questions were included to examine characteristics 
of pitchers and investors related to empathy: fantasy, empathic con-
cern, and personal distress [13]. Additionally, pitchers answered 
questions regarding their general self-efcacy [28], specifc self-
efcacy [23] (searching, planning, marshaling, people aspects of im-
plementation, fnancial aspects of implementation), entrepreneurial 
passion [7], coach-ability [10], and characteristics of their team 
(heterogeneity [31], fexibility [6], satisfaction [32], efcacy [15], 
viability [4]). Investors answered questions about their professional 
experience including the number of (co-)founded ventures and the 
total years of involvement in these ventures. Moreover, the attitude 
towards risk [14] and the imaginativenes [20] (creative imagina-
tion, social imagination, practical imagination) of investors was 
evaluated. In addition, we included the investor’s age and years of 
university-level education. Pitchers completed all questionnaires 
before the day of the pitch whereas investors completed their ques-
tionnaires after the pitches. Ratings on multi-item scales were av-
eraged as they were found to be internally consistent (Cronbach’s 
� ≥ .72). Negatively-phrased questions were reverse scored before 
calculating averages. 

2.2 Multimodal behavioral feature extraction 
Besides the self-reported characteristics listed in Table 1, multi-
modal behavioral features were extracted from the video recordings 
(see Table 2 for an overview). These features included behaviors 
expressed by both the person pitching the startup idea and the 
investors who are listening to the pitch. In addition, features regard-
ing the interaction dynamics were included to capture synchrony 
or mimicry behavior between pitcher-investor pairs which could 
indicate social afliation or act as a mechanism to facilitate the 
contagiousness of entrepreneurial passion [21]. 

2.2.1 Facial expressions. Facial action units (AUs) were extracted 
from the video recordings of the pitchers and investors using Open-
Face 2.0 [2]. The activation of diferent AUs were combined to infer 
the intensity of diferent emotional expressions: for happiness: AU6 
(Cheek Raiser) and AU12 (Lip Corner Puller); for sadness: AU1 
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Table 1: Self-reported characteristics of pitchers and investors used as predictors for pitch evaluations. 

Pitcher’s characteristics Investor’s characteristics 

Honesty-Humility Self-efcacy: planning Honesty-Humility No. of years funding a new venture 
Emotionality Self-efcacy: marshaling Emotionality Years at university 
Extroversion Self-efcacy: people implementation Extroversion Age 
Agreeableness Self-efcacy: fnancial implementation Agreeableness Entrepreneurial experience 
Conscientiousness Entrepreneurial passion Conscientiousness Attitude towards risk 
Openness to experiences Coach-ability Openness to experiences Creative imagination 
Empathy-fantasy Team heterogeneity Empathy-fantasy Social imagination 
Empathic concern Team fexibility Empathic concern Practical imagination 
Personal distress Team satisfaction Personal distress 
General self-efcacy Team efcacy No. of funded ventures 
Self-efcacy: searching Team viability No. of years running a new venture 

Table 2: Overview of the extracted behavioral features and characteristics. 

Modality Feature description Extract from ... 

Facial expressions Recurrence rate of expression of happiness, sadness, surprise Pitcher-investor pairs 
Percentage of smiling and expression of surprise Investors 
Percentage of smiling Pitchers 

Head movement Recurrence rate of head movements in x, y, and z direction Pitcher-investor pairs 
Time series features of movement in x and y direction Investors 
Time series features of movement in x and y direction Pitchers 

Vocal expressions Low-level descriptors and functionals (OpenSmile) Pitchers 
Deep context-aware features (VGG-100) Pitchers 

Characteristics Self-reported characteristics Pitchers 
Self-reported characteristics Investors 

(inner brow raiser), AU4 (brow lowerer), and AU15 (lip corner de-
pressor); and for surprise: AU1, AU2 (outer brow raiser), AU5 (upper 
lid raiser), and AU26 (jaw drop). Facial expression features included 
recurrence rates of expressions of happiness, sadness, and surprise 
for all pitcher-investor pairs. Recurrence rates were calculated per 
pitcher-investor pair using the CRQA R package [36]. In general, 
recurrent rates between 0 and 50% were found, possibly indicating 
synchrony and mimicry behavior between pitchers and investors. 
Moreover, the occurrence of smiling by both pitchers and investors 
and investor’s expressions of surprise were calculated based on the 
simultaneous activation of the corresponding AUs: AU6 and AU12 
for smiling and AU1, AU2, AU5, and AU26 for surprise. Percentages 
were used for normalization to account for diferences in pitch 
duration. 

2.2.2 Head movement. Time series of head positions in the x and y 
axes as detected by OpenFace [2] were fed into the TSFEL Python 
library [3] to extract head movement features. In total, TSFEL ex-
tracts over 60 diferent features per time series in the statistical, 
temporal, and spectral domains. Additionally, recurrent rates of 
head movement of all pitcher-investor pairs were calculated based 
on OpenFace’s three dimensional head position data. Multidimen-
sional cross-recurrence quantifcation analysis was performed with 
optimization of the radius, embedding dimension, and delay [34]. 

2.2.3 Vocal expressions. Both deep audio features and hand-crafted 
audio features were extracted from the videos of the pitchers as 
previous work has shown that a combination of these features were 
most predictive of investment decisions [17]. Videos of the pitchers 
were converted from mp4 to wav fles by using the MoviePy Python 
library and then converted to spectrograms using the SciPy library 
[33]. Deep context-aware features were extracted from the spec-
togram images (size 395 x 574 x 3) using the VGG16 architecture 
pretrained with ImageNet [30]. The VGG model, which is a convolu-
tional neural network-based architecture, has proven to be efective 
for image classifcation tasks. The output of the VGG model was set 
to extract 100 features. In addition to the deep features, the OpenS-
mile library was used to extract 62 features from GeMAPSv01b to 
capture Low-Level Descriptors (LLD) and functionals [16]. 

2.3 Predicting pitch evaluations 
2.3.1 Responses for prediction. After each pitch, the investors 
completed a survey concerning the quality of the entrepreneurial 
idea. More specifcally, investors were asked to evaluate the pitch 
idea with respect to the “probability that you would invest in the 
idea”, “overall quality of business idea”, and “likelihood that the 
business idea could serve as the basis of a successful new venture”. 
The range of these responses was between 0 and 100. 
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Pearson correlation coefcients showed high positive correla-
tions between all three responses: “probability that you would 
invest in the idea” and “overall quality of business idea” (� (51) = 
.89, � < .001); “probability that you would invest in the idea” and 
“likelihood that the business idea could serve as the basis of a suc-
cessful new venture” (� (51) = .84, � < .001); and “overall quality of 
business idea” and “likelihood that the business idea could serve as 
the basis of a successful new venture” (� (51) = .81, � < .001). These 
strong correlations are expected as all three responses measure the 
evaluation of the pitch, albeit at diferent levels. As a result, difer-
ent factors might have infuenced the three pitch evaluations and 
therefore all three responses were included as separate outcome pre-
dictors in this study. To illustrate, it is expected that investors’ proba-
bility of investment is informed by their own judgment whether the 
business idea could serve as the basis of a successful new venture. 
However, the business idea must also ft the investor’s portfolio. 
Similarly, the quality of the business idea can afect both the proba-
bility of investment and the estimated likelihood that the business 
idea could turn into a successful new venture. Nevertheless, no 
matter how high the (perceived) overall quality of a business idea 
is, it could still be considered an idea with only little promise to 
become a viable business. This also strongly depends on the per-
ceived capabilities of the founding team members and the targeted 
market. 

2.3.2 Model training and evaluation. XGBoost (XGB) regression 
models [8] were trained for the prediction of the three pitch eval-
uation responses. Since we deal with few data samples and many 
features, nested 3-fold cross-validation was performed with grid 
search for hyperparameter optimization [26]. Each of the three pitch 
sessions was alternately used as test set while the other two were 
used for training and optimizing the XGB models. Pitch session 1 
included 21 interactions (7 pitchers × 3 investors), pitch session 2 
included 14 interactions (7 pitchers × 2 investors, and pitch session 
3 included 18 interactions (6 pitchers × 3 investors). XGB models 
were optimized by tuning the learning rate (0.05-0.9), loss function 
(squared error, absolute error, Huber), the criterion to measure the 
quality of a split (friedman mse, squared error, mean squared error), 
and the minimum samples per leaf (1-50). Optimization of XGB 
occurs by minimizing the Mean Absolute Error (MAE). In addition, 
Root Mean Squared Error (RMSE) was reported to study the efect 
of outliers. Multimodal late fusion predictions were obtained by 
averaging the decisions of the regressors. The average MAE and 
RMSE were calculated based on all combined multimodal behav-
ioral features and on all combined multimodal behavioral features 
plus the self-reported characteristics. 

3 RESULTS 
Performance of the models for predicting the three pitch evaluation 
responses based on diferent feature sets was evaluated and com-
pared. The results for predicting the probability of investment are 
presented in Table 3. The best performance was achieved for the 
models trained on head movement and vocal expression features. 
In Table 4 the results for predicting the overall quality of business 
idea are presented. Again, the models based on head movement 
and vocal expression features provided the best results. Finally, re-
gression models for predicting the likelihood that the business idea 

could serve as the basis of a successful new venture showed the best 
performance for the model trained on the vocal expression features 
followed by the multimodal late fusion modal that combined all 
behavioral features (see Table 5). 

In general, average MAE values were lower than the average 
RMSE. However the average values were in the same order indicat-
ing the absence of outliers in our data. The overall best performance 
was achieved for the model predicting the overall quality of the busi-
ness idea using the head movement features. Moreover, the results 
showed that models trained on the self-reported characteristics 
performed worse than models trained on the diferent behavioral 
feature sets. As a result, multimodal late fusion models including 
all behavioral features performed better than models including all 
behavioral features plus the self-reported characteristics. 

4 DISCUSSION 
The goal of the current study was to investigate the importance 
of behavior cues from diferent modalities (i.e., facial expressions, 
head movement, and vocal expressions) expressed by pitchers and 
investors and their self-reported characteristics for predicting fund-
ing decisions. Comparable performances were obtained for the 
three diferent responses related to the evaluation of the pitched 
business idea. For all cases, head movement and vocal expressions 
were found to be most predictive of pitch evaluations whereas 
self-reported characteristics were found to be least predictive. 

Our results are in agreement with previous work, showing that 
head nodding from the audience can improve the confdence of 
a speaker and as a result can increase their persuasiveness [5]. 
Similarly, vocal expressions have been found to play an important 
role in the persuasiveness of the speaker and for conveying their 
message [24]. Surprisingly, the characteristics of both the pitcher 
(e.g., extroversion and entrepreneurial passion) and the investor 
(e.g., empathy and attitude towards risk) were found to not improve 
the predictive capability of the models [21]. A possible reason could 
be that the self-reported characteristics were biased, refecting a 
more idealized version of the person. 

Future research will focus on an in-depth evaluation of the most 
important features within the feature sets to get more insight in 
the contribution of behavioral cues from pitchers and investors as 
well as their interaction dynamics. Moreover, previous research 
has shown that the stage of multimodal fusion can impact model 
performance [18], therefore a future step will be the application of 
early fusion strategies. 

A limitation of our study is the fact that our models were trained 
on a small dataset. An extended dataset with more pitches might im-
prove prediction performance. In addition, pitches were performed 
by students as part of a course on entrepreneurial startups. As a 
consequence, the generalizability of the model to pitches performed 
by professional entrepreneurs will need to be evaluated. 

In conclusion, the current study provides promising results for 
the prediction of pitch evaluations based on behavioral cues from 
pitchers, investors, and their interaction dynamics. In the future, 
such prediction models can be used either by investors as supple-
mentary tools to evaluate business ideas or by entrepreneurs to 
improve their persuasion skills. 
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Table 3: Regression results for the response “probability that you would invest in the idea” on diferent feature sets. ���1−3 
indicate the results for the model evaluated on hold-out pitch session 1, 2, or 3, respectively. 

Modality ���1 ���2 ���3 Average MAE Average RMSE 

Facial expressions 20.56 14.27 20.13 18.32 24.25 
Head movement 19.13 14.28 16.01 16.47 20.37 
Vocal expressions 18.03 14.23 18.69 16.98 21.29 

Self-reported characteristics 20.57 14.29 21.60 18.82 24.04 

Multimodal late fusion: facial expressions, 
head movement, vocal expressions 19.24 14.26 18.27 17.25 21.97 

Multimodal late fusion: facial expressions, head movement, 
vocal expressions, self-reported characteristics 19.57 14.27 19.11 17.64 22.48 

Table 4: Regression results for the response “overall quality of business idea” on diferent feature sets. ���1−3 indicate the 
results for the model evaluated on hold-out pitch session 1, 2, or 3, respectively. 

Modality ���1 ���2 ���3 Average MAE Average RMSE 

Facial expressions 17.20 17.05 20.19 18.15 23.84 
Head movement 14.35 13.53 18.22 15.36 20.14 
Vocal expressions 15.14 16.88 16.62 16.21 21.18 

Self-reported characteristics 19.55 18.21 18.61 18.79 25.14 

Multimodal late fusion: facial expressions, 
head movement, vocal expressions 15.56 15.82 18.34 16.57 21.72 

Multimodal late fusion: facial expressions, head movement, 
vocal expressions, self-reported characteristics 16.56 16.41 18.41 17.13 22.57 

Table 5: Regression results for the response “likelihood that the business idea could serve as the basis of a successful new 
venture” on diferent feature sets. ���1−3 indicate the results for the model evaluated on hold-out pitch session 1, 2, or 3, 
respectively. 

Modality ���1 ���2 ���3 Average MAE Average RMSE 

Facial expressions 18.39 17.60 19.40 18.46 23.80 
Head movement 14.90 17.60 22.27 18.25 22.49 
Vocal expressions 15.50 17.55 18.24 17.09 21.18 

Self-reported characteristics 18.74 17.58 20.14 18.82 22.90 

Multimodal late fusion: facial expressions, 
head movement, vocal expressions 16.26 17.58 19.97 17.93 22.49 

Multimodal late fusion: facial expressions, head movement, 
vocal expressions, self-reported characteristics 16.88 17.58 20.01 18.15 22.59 
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