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Abstract

I apply tailored deep learning models on CEO voiceprints of earnings con-
ference calls to predict the firm’s future performance as measured by analyst
recommendation consensus changes, unexpected earnings, and cumulative ab-
normal returns. Using an out-of-sample evaluation, I predict a firm’s short-
term and long-term future performance above the benchmark level after con-
trolling for textual information and firm characteristics. In other words, how
firm information is communicated in addition to the content can affect the mar-
ket perception of a firm. This study adds new evidence to audio recordings of
conference calls containing valuable information about a firm’s fundamentals,
incremental to qualitative "soft" information conveyed by textual content, and
quantitative earnings information. My method refines and expands the vocal

sentiment measures in the literature. (JEL D83, G14, G41).
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1 Introduction

Economic decisions without any form of human interaction are uncommon. For ex-
ample, when a financial analyst evaluates a firm’s future perspectives, the choice to rec-
ommend buying or selling a stake in the firm will consider the fundamentals such as firm
characteristics, past performance, and corporate governance. In addition to classical ver-
bal information (textual content) such as earnings reports, analysts incorporate nonverbal
communication (paralinguistic features) in the conference call - the interaction that pre-
dates the analyst recommendations or analyst reports to make their economic decisions
(Barcellos and Kadous, 2022; Choudhury et al., 2019; Mayew and Venkatachalam, 2012).
Therefore, it is interesting to investigate how the non-verbal behaviors of the CEO explain
analysts’ or investors’ behaviors, whether analysts or investors respond to a CEQ’s vocal
features, whether the response is rational or irrational, and which emotional characteris-
tics positively or negatively affect investors’ decisions. Similarly, many other decisions are
also made based on human interactions - for example, company interviews for hiring and
roadshows of initial public offerings.

It can be hypothesized that financial decisions can be improved by considering infor-
mation about interactions (Hirshleifer, 2020; Hu and Ma, 2021). Economic agents mostly
make decisions with imperfect information. Interactions among these economic agents pro-
vide additional information on characteristics such as leadership ability or confidence in
the firm, which may help agents form informed beliefs and make better decisions. On the
other hand, human interactions may originate or augment biases. These biases could be
preference-based, i.e., agents receive non-pecuniary utility from interacting with or con-
tributing to people with certain features revealed in interactions (e.g., "I enjoy listening to
energetic people"). Alternatively, these biases could be due to erroneous beliefs - agents
incorrectly form beliefs based on characteristics obtained from human interactions (e.g.,
"This investment advisor sounds/looks passionate, so the advice must be good").

Understanding how interactive communication shapes such choices is challenging, mainly
due to the limitations of traditional econometric methodologies and structured data for-
mats. Given the importance of human interactions in many essential economic decisions,
I harness the capabilities of artificial intelligence (AI) technology and alternative data,
such as audio recordings, to research human interactions. This paper contributes to vocal
interactions, a crucial aspect of human engagement. First, I focus on empirically measur-
ing vocal features using spectrograms (voiceprints) in a corporate setting. Second, I test

whether vocal communication features have economic consequences using deep learning



(DL) models. Third, I employ multimodal models to integrate numerical representation
(embeddings) of vocal features with textual sentiment features and firm characteristics to
predict future firm performance more accurately.

This paper answers these questions and makes progress on three fronts. First, I propose
a tailored method to use raw audio as data input. This involves employing a DL model to
transform audio recordings from vocal interactions into numerical representations of par-
alinguistic features of vocal cues, e.g., emotion and tone, from human interactions. This
method offers significant flexibility in developing and customizing algorithms and measure-
ments, allowing us to answer specific research questions. For instance, these paralinguistic
features can be utilized for refining emotions classification like the audio sentiment anal-
ysis employed in Gorodnichenko et al. (2023) and Hu and Ma (2021). Additionally, I can
use the extracted paralinguistic features to classify whether a CEQO is depressed using DL
models developed in Homsiang et al. (2022).

Second, I apply the tailored methodology to CEO speeches in quarterly earnings con-
ference calls of publicly listed companies of the S&P 500 index. These conference calls are
mostly audio-only, which allows us to isolate the audio channel from the other channels,
such as facial expressions and gestures (Momtaz, 2021; Curti and Kazinnik, 2021; Hu and
Ma, 2021). An earnings conference call typically has two parts that involve the CEO (or
other executives) - the executives’ prepared speech and the improvised answers to questions
from analysts in the question and answer (Q&A) section. A higher positive perception of
speeches could be, for example, reflected in sentiment features such as confidence, passion,
and warmth, which are associated with a higher probability of buying recommendations
from financial analysts. I differ from Gorodnichenko et al. (2023) and Hu and Ma (2021)
by using pre-trained DL models to extract vocal features directly associated with analyst
recommendation consensus changes immediately after the earnings calls that are objec-
tively observed. My models do not require subjectively defined features associated with
speech emotions, focusing instead on learning directly from DL models without discard-
ing valuable information'. In a later stage, I try partially opening the "black box" using
emotion classifiers to understand the economic interpretations of extracted vocal features.

Third, I further investigate whether my vocal sentiment features add value to the
textual sentiment features (Loughran and McDonald, 2011, 2020) and firm characteris-

tics (Fama and French, 2015; Ehsani and Linnainmaa, 2022) using multimodal models

!The speech emotion recognition algorithms are trained based on a few actors’ performances
(Burkhardt et al., 2005; Livingstone and Russo, 2018) and the speech emotions are not yet well
defined in the literature (Lacerda, 2012; Schuller, 2018).



(Wankhade et al., 2022). By incorporating vocal embeddings (numerical representation of
vocal features), the multimodal models outperform the benchmark models, which only use
textual sentiment features and firm fundamentals. Moreover, I further validate my mod-
els using K-fold cross-validation and show the average prediction results with confidence
intervals instead of focusing on the single best-performed model. This is the first paper to
apply K-fold cross-validation on such multimodal models in finance.

I analyze audio data using vocal information as spectrograms? (voiceprints) and textual
content of verbal information, including transitory information, such as confidence and
sentiments, and persistent information, such as the CEQ’s charisma and persuasiveness.
I map the unstructured raw audio data into numerical representations to obtain a data
format suitable for deep learning algorithms. Additionally, I employ transfer learning,
enabling the use of pre-trained image classification models for extracting audio features,
as demonstrated by Beckmann et al. (2019).

To be more specific on the input data, I represent the audio information as spectrograms
of the CEO speech’s second sentence and extract the speech’s textual information using
earnings conference call transcripts and speech-to-text algorithms. The second sentence is
chosen because the speech usually starts from the second one. In contrast, the first sentence
is mainly sentences like "Welcome, everyone.". Furthermore, in terms of the length of audio
recordings, I use a 5-second length. The deep learning models exhibit strong performance
across various prediction tasks, even with a brief audio duration. For instance, 2-second
speech audio proves sufficient for accurately detecting emotions, Dysarthria, or mask-
wearing, as demonstrated by Shor et al. (2022). The results are robust for the models
using first sentences, a random selection of sentences, or 4-second segments of the audio
recordings.

I use well-established DL methods, mainly convolutional neural networks (CNNs)?3, to
map the speech spectrograms onto predictions of economic performances. This approach
allows for replicability, transparency, and reasonable research computation burdens. In
this paper, I apply two different strategies by using CNNs. First, I train DL models from

scratch and apply simple model architectures with one or two layers of CNNs. Secondly, I

2A spectrogram is a visual representation of the spectrum of frequencies in a signal as they
vary with time. It is a way to analyze and display the frequency content of a time-varying signal,
such as audio or other time-domain data. Spectrograms, focusing on audio information extraction,
are a widely utilized format in deep learning (DL) models for,e.g., audio signal processing, speech
analysis, and music analysis.

3A convolutional neural network (CNN) is a regularized form of a feed-forward neural network,
autonomously acquiring feature engineering skills through the optimization of filters or kernels. I
show CNN structure in the Online Appendix.


https://www.dropbox.com/scl/fo/abt8ncmq2p1umyxkqis2w/h?rlkey=jzmwi09y76erz0m15mfo5n1e3&dl=0

use transfer learning and tailor the pre-train model architectures - VGG16 (Simonyan and
Zisserman, 2014) and SpeechVGG (Beckmann et al., 2019) - to adopt the original models
into the context of finance. I use the multi-dimensional outputs from the second last
layer of my tailored DL models to predict and construct measures on vocal features. The
extracted audio information can include non-verbal cues, e.g., laughter, hesitations, and
consent. But, again, I am not using these non-verbal cues labels directly in my models. I
use the raw audio information as this contains the most granular information. To combine
measures of vocal features with textual characteristics and financial fundamentals, I apply
the multimodal deep regression model (MDRM) to incorporate different dimensions of
communication features - verbal, vocal, and quantitative.(Qin and Yang, 2019; Hu and Ma,
2021; Wankhade et al., 2022; Gorodnichenko et al., 2023). By combining information from
multiple modalities, my multi-modal models incorporating audio information can make
more accurate predictions than benchmark models with textual information (Loughran and
McDonald, 2011) and firm characteristics (Fama and French, 2015; Ehsani and Linnainmaa,
2022).

I find that features in human interactions are closely related to economic consequences.
My results show that the spectrograms of a CEO speech have additional predictive power
on future firm performance measured by analyst recommendation consensus changes, un-
expected earnings, cumulative abnormal returns (CAR(0,2)s, and CAR(2,127)s) using
my transfer-learned model based on SpeechVGG (Beckmann et al., 2019). The multi-
dimensional audio factor model has an average prediction accuracy of 62.2%. This im-
proves the prediction accuracy by 12.5% on average from the benchmark model using
textual information and financial factors (e.g., firm size, book-to-market ratio, historical
return volatility, and momentum). Moreover, the prediction accuracy on long-term (half-
year) firm performance measured by CAR(2, 127) is the highest (65.1%) on average.

An economist reader might ask herself the question: "Why do speech features matter
for future firm performance?" The previous results suggest that investors respond to speech
features. The next question is whether this response is rational (i.e., these features reveal
additional information about firm fundamentals) or irrational (i.e., they reflect emotional
bias). Therefore, I partition potential explanations into two broad categories: explanations
where investors have interaction-induced biases and explanations where they do not. With-
out interaction-induced biases, investors maximize a purely pecuniary objective function,
and interactions provide information to help calibrate their beliefs about the "quality"

of the firm. For example, being positive and passionate might be desirable and success-



enhancing personality traits for corporate governance. Alternatively, communication and
interpersonal skills may be productive in leading a firm.

In contrast, explanations involving interaction-induced biases argue that investors’ fa-
voritism for certain interactive features may arise from taste-based reasons and inaccurate
beliefs. Positivity demonstrated in pitches may be particularly salient in leading to these
biases through affecting investors’ emotional states (DellaVigna, 2009). Emotions and
moods are contagious, so more positive pitches help investors achieve a favored positive
emotional state as a utility. Moreover, emotions and moods influence both beliefs about
prospects and assessments of risk. These effects are shown in many economic settings,
notably when factual information lacks (DellaVigna and Pollet, 2009).

I investigate explanations without interaction-induced biases by exploiting the firm’s
long-term performance with a positive short-term performance measured by CAR(0,2)s
(Ewens and Townsend, 2020). Under unbiased belief calibration, the companies with posi-
tive stock reactions and higher levels of speech positivity would likely perform better than
those with inferior speech features. I track firm performance using profitability (earn-
ings per share) and half-year cumulative abnormal returns (CAR(2,127)s). I find positive
speech features are linked to the firm’s better long-term performance and show evidence
of no interaction-induced biases. Thus, the fact that the prediction accuracy on long-term
(half-year) firm performance measured by CAR(2, 127) is the highest shows a rejection of
interaction-induced biases.

Finally, to achieve some level of explainability of the learned embeddings, I developed
a vocal emotion classifier using the same pre-trained architecture. Subsequently, applying
the emotion classifier to the CEO vocal embeddings revealed that a positive change in
analyst evaluations is reflected in vocal patterns that are more happy and, surprisingly,
more fearful. We conclude that current deep vocal embeddings support the prediction
of analyst recommendations and that some explainability can be achieved by a learned
mapping of the embeddings onto emotions.

This paper proceeds as follows. Section 2 discusses the background and the contribution
to the related literature. Section 3 documents my datasets and empirical measurements
(firm performance and control variables). Section 4 discusses the audio features and deep
learning models. Furthermore, Section 5 shows my model selection processes and prediction
results based on CEO speeches. Moreover, Section 6 tries to explain the embeddings of
CEO speeches partially. Finally, I conclude in Section 7 with economic interpretations and

develop plans for further research.



2 Backgrounds and Related Literature

This paper contributes to the growing literature, including but not limited to (i) social
economics and finance and behavioral finance, (ii) artificial intelligence (AI) and big data
in economic research, and (iii) manager characteristics and corporate governance. Eco-
nomic and finance theories are built on what agents know and how agents perceive the
acquired information. Meanwhile, behavioral finance is an active area that accommodates
investors’ psychology, cognition, and irrational decision-making. As an extension to stan-
dard information economics, where people interact only via signals such as trading orders
and observation of information such as market price, social economic and finance theories
incorporate the importance of human interactions. Hirshleifer (2020) emphasizes the social
interactions that shape economic thinking and behavior. The economic behaviors of agents
involve both in-personal interactions and communication. As a result, this research strand
will require empirical measures of unstructured data such as audio data, text contents, and
graphical information. Luckily, the emerging modern technologies using Al make studies
on human interactions possible (Liebregts et al., 2020).

As a relatively mature method, since Tetlock (2007), the literature in Finance and
Accounting studying different types and analysis methods of textual data has flourished
(Loughran and McDonald, 2020; Garcia et al., 2023). Recent textual-analysis studies
have also shifted from traditional media sources such as newspaper articles (Engelberg
and Parsons, 2011; Tetlock, 2007) to more interactive information channels (Campbell and
Shang, 2022; Long and Zhong, 2023). Social media is an interactive platform that facilitates
information exchange by enabling dynamic and often repeated user interactions that affect
market activities. For example, in an experimental setting, Elliott et al. (2018) shows that
investors trust the CEO more and are more willing to invest in the firm when the CEO
communicates directly through a personal Twitter account. This communication helps
investors develop a more robust social bond with and trust in the CEO. Observing how
the information is communicated is essential if it is less important than the information
content itself.

While the text contents of messages, company announcements, financial reports, and
press releases (among others) are investigated quite well Loughran and McDonald (2011,
2020), there still needs to be more empirical economic and financial research on in-person
interactions critical in individual decision-making in addition to verbal interactions. People
observe extra information such as appearance, facial expressions, and gestures and acquire

acoustic signals by meeting and talking to each other (Duarte et al., 2012; Blankespoor



et al., 2017; Graham et al., 2017). However, social psychology research suggests that vocal
indicators of various emotions or sentiments are accurately detected and often as good or
better than facial cues and expressions (Kappas et al., 1991). It is also interesting to check
the following example in Figure 1 on why facial expressions are complex to interpret, even

for humans.
Why Facial Expressions and Gestures are Hard to Interpret?

Figure 1: This figure presents the happy facial expressions of four people under
four different circumstances. The picture group on the left-hand side focuses only
on faces, while the group on the right zooms out by incorporating gestures. Anti-
clockwise, from top left in both groups: basketball player Zion Williamson celebrates
a dunk; Justin Bieber fans cry at a concert in Mexico City; singer Adele won Album
of the Year at the Grammys in 2012; Mexico fans celebrate a win in a World Cup
group match(Heaven, 2020).

Even though Figure 1 shows the happy moments, facial expressions look sad, and
gestures sometimes do not help capture the facts. Therefore, it is economically meaningful
to investigate non-verbal information by focusing on vocal cues or combining them with
other non-verbal communication. This strand of literature extends the textual analyses
by exploring the non-text data such as the vocal cues of managers in earnings conference
calls (Mayew and Venkatachalam, 2012), videos (graphs and audio signals over time) of
startup pitch presentations (Hu and Ma, 2021) and speech emotions of federal reserve
chairmen or chairwomen in Federal Open Market Committee (FOMC) press conferences
(Gorodnichenko et al., 2023). This research strand is still in an early stage and is often
criticized due to the "black boxes" of commercial software used in the research and the
inconclusive measurement of affective states. For example, Lacerda (2012) argues that
the commercial software % that measures the affective states of managers in Mayew and
Venkatachalam (2012) is eventually useless and generates pure noise.

That said, Mayew and Venkatachalam (2012) still established the suggestive impor-

tance of nonverbal vocal communication of executives in conference earnings calls. Hu and

4https: //www.nemesysco.com /lva-technology /



Ma (2021) also relies on speech emotion recognition algorithms to measure a startup pitch’s
positivity by aggregating all text, audio, and graphical information into one factor, making
the economic interpretation hard to achieve. This work addresses the underlying causal
factors of nonverbal vocal communication and economic mechanisms. Similar to Gorod-
nichenko et al. (2023), in this paper, I focus on vocal cues instead of facial expressions and
gestures. However, the methodologies of this paper refine the basic deep learning model
applied in Gorodnichenko et al. (2023) and employ transfer learning models. Transfer
learning in deep learning is a methodology that employs pre-trained neural network mod-
els as a foundation for training new models on tasks that are distinct yet interconnected.
I will discuss more details regarding transfer learning in Section 4 about methodologies.

Moreover, I focus on out-of-sample predictions in a corporate setting instead of impulse
response analysis on macroeconomic indicators compared to Gorodnichenko et al. (2023).
My paper’s multimodal models are also validated using K-fold cross-validation. Each
model’s average prediction accuracy and confidence intervals are reported and discussed
instead of focusing on a single best-performed model. Cohen et al. (2020), and Mayew
(2008) find that there are firms "cast" their conference calls by calling on bullish analysts
disproportionately in the question-and-answer (Q&A) sections of earnings conference calls
5. These firms tend to underperform their peers in the future.

This paper introduces new empirical methods and evidence to extend the existing liter-
ature’s frontiers. Firstly, this paper offers new empirical measurements of non-verbal cues,
such as vocal sentiment, by opening the "black boxes". Second, I try to disentangle the
casual human interactive factors in speeches that affect economic and financial decision-
making. Third, I test why vocal cues and interactions matter for economic and financial
decisions, whether these human interactions help agents improve decision-making by over-
coming information asymmetry, or whether these interactions lead to different behavioral
biases.

The newly developed methodology in this work is required to achieve the above-
mentioned exploration. The new method lies in an emerging research line that deals
with unstructured data and Al techniques for economic and financial research. As I briefly
discussed textual analysis studies, Gentzkow et al. (2019) and Loughran and McDonald
(2020) summarize textual data analysis in economics and finance, while Bochkay et al.

(2023) summarizes the accounting literature. To my knowledge, this work’s approach pro-

5The Q&A data is available in the newly collected dataset and needs to be added to this version.
However, the preliminary results in Liu et al. (2023) show that the prediction accuracies based on
Q& A sessions are not very different from the results based on CEO-prepared speeches.



vides the first thorough exploration of a manager’s speech data by using raw audio data
and spectrograms (voiceprints) of a manager’s speeches during an earnings conference call
and deep learning models based on CNNs. My DL-based method has several advantages.
First, this method does not rely on a consistent measure of affective states, which still needs
to be developed, but tries to use objectively observed analyst recommendation consensus
changes immediately after the earnings conference calls.

Moreover, the non-verbal cues are measured by directly analyzing the spectrograms of
speeches. This choice compromises the accuracy and computation power between analyz-
ing raw audio data directly (Oord et al., 2016) and analyzing audio features generated from
spectrograms such as Mel-frequency cepstrum coefficients (MFCCs) and pitches (DellaV-
igna and Pollet, 2009; Qin and Yang, 2019). The transparency of my measures improves
the reliability and reproducibility of empirical results. Finally, the analytical framework
and procedures are scalable to incorporate more structured and unstructured measures in
different research settings by using MDRM.

The paper’s research settings relate to the literature on CEO characteristics and cor-
porate governance, a central topic in corporate finance. Observed CEO personality traits
(Barcellos and Kadous, 2022; Kaplan et al., 2012; Malmendier and Tate, 2005) and self-
reported management style (Mullins and Schoar, 2016) affect firm performance as well as
investors’ decisions. Investors may rationally value manager abilities, such as leadership
(Bandiera et al., 2020) and work experience (Giannetti et al., 2015; Custodio and Metzger,
2014). However, investors can also be biased by discriminating factors such as gender and
race (Ewens, 2022; Francis et al., 2021). This paper aims to contribute to the existing liter-
ature by providing a detailed analysis and potentially large-sample study on the influence

of human interactions in corporate settings.

3 Data

The paper uses quarterly earnings conference calls of companies included in the S&P
500 index as my laboratory. This paper uses a published dataset provided by Qin and
Yang (2019). They separated the CEO speeches from original earnings conference calls of
S&P 500 companies during the sample period between January 1 and December 31, 2017.
The original audio files are available on the Thomson Reuters StreetEvents database. After
merging with database CRSP, Compustat, and I/B/E/S for return, accounting, and analyst

variables, 543 firm-quarter observations remain.
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3.1 Audio data and earnings conference call

As a vital firm communication channel, earnings conference calls are investigated by
extensive literature studying the relationship between firms and analysts and studies of the
information content of earnings announcements and earnings conference calls (Baik et al.,
2023; Cen et al., 2021; Suslava, 2021; Cohen et al., 2020; Mayew and Venkatachalam, 2012).
While earnings conference call transcripts have been extensively studied in prior research,
I focus on audio information in addition to textual analysis in this work. The textual tran-
scripts of earnings calls are well-labeled, including the speaker identifications (executives
and analysts) and speech content. On the other hand, the audio data downloaded directly
from Thomson Reuters StreetEvents does not provide any segmentation or labeling for
speakers within an earnings conference call. More earnings call audio and transcripts are
available on the Thomson Reuters StreetEvents database.

To balance the precision and plausibility concerning extracting audio features, I analyze
the earnings conference calls at the sentence level, i.e., a sequence of sentences represents
a conference call with corresponding audio clips. The audio data is processed using the
Iterative Forced Alignment (IFA) algorithm to align each transcript with the audio clip
containing the corresponding spoken text in each sentence Qin and Yang (2019). Further-
more, I select only the speeches made by a firm’s CEO and exclude the observations that
the CFO gave speeches in the earnings conference calls. I use Python packages SciPy and
Praat2 to extract vocal features, such as pitch, intensity, MFCCs, and spectrograms, from
raw audio data.

I built my pilot dataset by acquiring all available S&P 500 companies’ quarterly earn-
ings conference calls in 2017 published by Qin and Yang (2019). They choose S&P 500
constituent firms as the target for firm performance prediction due to a combination of com-
pany importance and tractability. Firms in the S&P 500 index comprise approximately
three-quarters of the total U.S. market capitalization by the end of 2017. In total, the
dataset contains 2,243 quarterly earnings conference calls in 2017. The conference calls in
which text-audio alignment is not done correctly are discarded using the above-mentioned
data processing method and this results in a final dataset consists of 576 conference calls.
I dropped 33 observations due to missing information on the CARs or Speeches not per-
formed by a CEO. I eventually had 543 firm-quarter observations with a total number of
88,829 sentences. Much raw data is discarded because the audio-text alignment is noisy
and prone to errors. The processed earnings conference calls (text and audio) are available

online.
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I expanded the datasets beyond the pilot data in the latest version of the empirical
analysis. I collected 764 firm-year observations for 2019 and 2020 of S&P 500 companies
and manually separated the CEO speeches and CEQ answers in the Q&A sessions from
the raw earnings conference call recordings®. By using the manually collected datasets,
Liu et al. (2023) developed a state-of-art deep learning model based on the TRILLsson
model (Shor et al., 2022) to extract the paralinguistic features from CEO speeches for
predicting analyst recommendation consensus changes.The preliminary results in Liu et al.
(2023) further confirms the empirical findings in this paper by using a more recent deep
learning model architecture to extract audio features. In the subsequent section (6), I will
delve deeper into the discussion of these state-of-the-art deep learning models, which were

trained on the most current datasets.

3.2 Firm information

Firm information is collected from widely used databases in economic and finance re-
search. CRSP, Compustat, and I/B/E/S databases are used for stock return, accounting,
and analyst data. I search for a company’s financial information using the company’s ticker
with available audio data. By following Mayew and Venkatachalam (2012), I mainly mea-
sure the firm performance using changes in analyst recommendations, unexpected earnings
(UEs), and cumulative abnormal returns CAR(0,2) for short-term firm performance. I use
half-year (based on the business calendar) cumulative abnormal returns CAR(2,127) after
the date of an earnings conference call for long-term firm performance. In Section 5, I will
also control for firm characteristics such as stock return momentum, book-to-market ratio,

and firm size”.

Table 1 displays the distribution of firm performances within our sample. Most firm
performance variables exhibit a slight skew towards positive outcomes, as indicated by
their mean values, except for CAR(0,2), which hovers around an average of approximately
0. It is important to note that the distribution of firm performance variables in our sample

is fairly balanced. Our key variable of interest, changes in analyst recommendation con-

5For now, I manually collected 105 firm-year audio and text files covering the Dow & Jones 30
index and the NASDAQ100 index in 2017 for out-of-sample evaluations. I can eventually acquire
38,393 firm-quarter observations in the U.S. and 11,356 in Europe from 2017 to 2021. The data
universe keeps updating over time. However, the eldest datasets are deleted from the StreetEvents
database due to the ample storage space.

“The CEO characteristics data will be added in the later version of the paper from the BoardEx
database to explain economic mechanisms further.
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Sample Description of Firm Performance and Characteristics

Table 1: This table presents the mean, standard deviation (SD), minimum (Min),
25th quantile, median, 75th quantile, maximum (Max), and the number of obser-
vations of firm performance measures and firm characteristics for 543 earnings con-
ference calls of S&P 500 companies in 2017. The ARECs measures changes in the
difference between the percentage of buying recommendations and the percentage of
selling recommendations after the earnings conference call for each firm. The unex-
pected earnings (UE) score measures the standard deviations in the actual(reported)
earnings that differ from the I/B/E/S surprise mean estimates for each firm after
the earnings conference call. The EPS documents the quarterly earnings per share
(EPS). The CAR(0,2) and CAR(2,127) variables stand for 3-day cumulative abnor-
mal returns (CARs) and half-year CARs, respectively, estimated using the capital
asset pricing model (CAPM) after the date of the earnings conference calls. Return
volatility is the past half-year volatility of firm stock returns before the earnings
conference call. The book-to-market ratio equals the book equity divided by the
firm’s market value. Market cap. ($ billion) is each firm’s total market capitaliza-
tion in billion USD dollars at the end of the earnings quarter. Ln(market cap.) is
the natural logarithm of the total market capitalization of the firm at the end of the
earnings quarter.

Mean SD Min  25th Median 75th  Max N
AREC 0.10 4.66 -20.51 -1.24 0.00 1.10 16.66 543
UE score 1.92 4.02 -29.22 0.26 1.37 2.85  34.02 543
Average UE 1.04 084 -391 0.55 0.86 1.36 5.04 543
CAR(0,2) -0.00 0.06 -0.29 -0.03 -0.00 0.03 0.25 543
CAR(2,127) 0.02 027 -0.88 -0.13 -0.01 0.17 1.15 543
EPS 1.09 088 -4.00 0.57 0.89 1.46 5.35 543
Return Volatility 0.01 0.01 0.01 0.01 0.01 0.02 0.04 543
Book-to-market ratio 030 0.25 -0.25 0.12 0.25 0.41 1.45 543
Market cap. ($ billions) 47.99 69.15 1.88 11.76 23.20 48.79 531.31 543
Ln(Market cap.) 10.19 1.01 7.54  9.37 10.05 10.80 13.18 543

13



sensus, defined as the percentage difference between buying recommendations and selling
recommendations by analysts following the same firm, is notable for its zero median and
a mean of approximately 0.10%, which is close to zero when contrasted with its relatively
wide standard deviation of 4.66%. Therefore, the distribution of firm performance is not
a significant concern. Moreover, I will also train my benchmark models based on binary
classification variables based on the zero threshold of a variable. For example, I will clas-
sify whether a CEQ’s speech is perceived as good or bad based on whether the changes in

analyst recommendation consensus are above zero.

4 Methodology

The audio data document human behaviors of what people say and how they say it.
My method of processing raw audio data includes three steps, as shown in Figure 2. First, I
decompose the speech information into two parts - speech spectrograms and text contents.
Secondly, I started the research by training DL models to directly predict analyst recom-
mendation census changes by analyzing corresponding speech spectrograms. I incorporate
the textual sentiment of earnings conference calls and firm characteristics in a multimodal
model. We train linear (Logistic) and nonlinear (random forest (RF) and support vector
machine (SVM)) models to predict future firm performance. For the Logistic model, I take
the default settings, and for the RF and SVM models, I perform automatic tuning (using
the training folds only). Finally, I adopt AI algorithms to create interpretable features
from the raw audio data for each part by exploring the model weights and visualization in
DL (Zhang et al., 2021; Yosinski et al., 2015; ?)8. Below, I discuss the information trans-
mission process of earnings conference calls, analysis of audio data relevant to economic

research, and then describe the deep learning methodology in detail.

4.1 Information transmission mechanisms

In Figure 3, I present an illustrative depiction of the information dissemination process
for the 2nd quarter of 2023 regarding Booking Holdings Inc.’s financial performance. In
the context of training a deep learning model designed to extract non-verbal cues (par-

alinguistic features) from the CEO, I focus on two pivotal events, which are prominently

8The interactions with analysts in the Q&A sections are not yet in the dataset of this draft
version.
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Three Steps for Model Training

Figure 2: This figure presents three main steps of the model training process for
predicting future firm performance based on audio, textual, and financial informa-
tion. The first step - data representation - is to prepare the spectrograms of CEO
speeches as model inputs. In the second step, I train multiple deep-learning mod-
els, including a transfer-learning model based on the pre-trained SpeechVGG model
(Beckmann et al., 2019) to extract audio information from spectrograms. In the
final step, I incorporate the trained model embeddings from the second step to train
multimodal models to predict future firm performance, measured by analyst recom-
mendation consensus changes, unexpected earnings, three-day cumulative abnormal
returns, and half-year cumulative abnormal returns.

2.Train deep learning 3. Train multimodal
model for extracting models to predict
audio information firm performance

1. Data
representation

highlighted in red boxes: the live stream of the earnings conference call and the subsequent
analyst recommendation updates provided in analyst reports.

It is worth noting that the live stream of earnings conference calls remains an inclusive
platform accessible to all stakeholders. Nevertheless, the primary participants who engage
directly with CEOs during these earnings calls are financial analysts, and their interactions
are well documented in the earnings call transcripts. To this end, the initial focus of the
deep learning model training involves extracting CEO non-verbal features from the shifts
in analyst consensus recommendations. This choice is rooted in the assumption that these
financial analysts serve as representatives of other stakeholders.

Indeed, the changes in analyst recommendations reflect the reactions and responses
from CEO communications and interactions during these critical earnings conference calls
and other written information such as news releases and financial reports. Therefore, by
delving into this specific dataset, we aim to capture valuable insights into the nuanced
paralinguistic elements of CEO communication that can significantly impact stakeholder
perceptions and decision-making by controlling for textual content and other firm charac-
teristics. Subsequently, I test market perceptions of the non-verbal cues using short-term
and long-term cumulative abnormal returns. This evaluation aims to determine whether
the CEQ’s paralinguistic features, derived from pre-trained deep learning models based on
changes in analyst recommendations, add significant value alongside textual and financial

information.
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An example of information release process

Figure 3: This figure provides a comprehensive timeline of key information releases
during the 2nd quarter of 2023 (2023Q2) of Booking Holdings Inc.’s financial per-
formance. On July 3, 2023, the company issued a significant news release detailing
the 2023Q2 financial reports and the earnings conference call. Subsequently, the
actual financial reports were made publicly available on August 3, 2023, at precisely
4 p.m., a mere thirty minutes ahead of the commencement of the live stream for
the earnings conference call, which was scheduled for 4:30 p.m.. This is 30 minutes
before the closing time of the financial markets at 5:00 p.m.. It’s noteworthy that
the audio recording of this conference call became accessible two weeks after the
live-stream event. Finally, the analyst reports, summarizing their assessments and
opinions, were disseminated at the close of the corresponding month, specifically on
August 31, 2023.

Analyst
report
updates

Conference
News call (Q&A)
release August 3
July 3,2023 at 4:30 p.m.

August 31,
2023

Report Audio
release posted
August 3 August 17,

at 4:00 p.m. 2023

4.2 Audio features

One of the most fundamental questions is how to represent the audio data when de-
signing a tailored DL model to process the CEO acoustic features. Various representations
have been frequently applied in the literature, including hand-crafted audio features such
as pitch and tone, Mel-frequency cepstral-based features such as the Mel-frequency cepstral
coefficients (MFCCs) and spectrogram-based images, and raw audio data. While there is
yet to be a consensus on the best input representation for a DL model (Purwins et al.,
2019), I motivate my choice of using spectrogram-based features for my data representa-
tion.

The drawback of the hand-crafted features is that these designed features may not be
optimal for the task objectives, and much information might be lost. In recent decades,
the Mel-frequency cepstral coefficients (MFCCs)? have been the dominant feature repre-
sentation for audio analysis tasks. One of the advantages of MFCCs is that they are a very
sparse representation of the original audio. However, the non-linear transformation for
generating MFCCs removes information and harms spatial relations, which is not optimal

for DL models.

9"The MFCCs are magnitude spectra projected to a reduced set of frequency bands, converted
to logarithmic magnitudes, and approximately whitened and compressed with a discrete cosine
transform (DCT)"(Purwins et al., 2019)
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There has recently been a shift towards training models directly on the raw data.
For example, DeepMind designed a convolutional architecture called WaveNet to generate
audio (Mohamed et al., 2022; Oord et al., 2016). These WaveNet are trained on the raw
audio, and not only can they be used for speech creation, speech recognition, and other
classification tasks. It would be more optimal to train a DL model on more information
than the MFCCs, but DL models like WaveNet can be computationally expensive to train
and adopt.

Spectrograms (voiceprints) are relevant in this research because they retain much more
information than MFCCs about the original audio signal and are computationally cheaper
to train than DL models like WaveNet. A spectrogram is a temporal sequence of spectra.
It is a graphical representation of audio with frequency on the vertical axis and time on
the horizontal axis. The third dimension of color can be added to represent the acoustic
intensity. However, the inputs into the deep learning models are ultimately the matrices of
numerical values that generate spectrograms. Within these matrices, the columns represent
the temporal dimension, capturing the progression of time, while the rows imply distinct
frequency bands within the audible spectrum for humansconstrained between 10 Hz to
8,000 kHz for the inputs. Each numerical value encapsulates the intensity of the voice at
a specific intersection of time and frequency. To ensure uniformity and comparability, all
values in the matrices undergo z-score standardization. This process enhances the model’s
ability to extract meaningful patterns and relationships across observations, contributing
to the efficacy of voice recognition and analysis. The model inputs do not include figure
labels or axes. Figure 4 shows a used example of a speech spectrogram of Michael R.
McMullen, the CEO of Agilent Technologies Inc., during the earnings conference call on
February 14, 2017.

In this spectrogram, we can see many voice contours on different speech frequencies.
These contours can extract text contents from the spectrograms in speech recognition tasks.
The vertical dark lines are the unvoiced parts of speech (exact speech pitch can be detected)
and brief pauses between words or breath sections (exact speech pitch is unavailable) in a
sentence throughout the spectrogram. Therefore, we can see that the spectrogram contains
much information about the nature of different speeches. The other advantage of using
spectrograms as inputs is that we can use the Al algorithms of image classification, which
has many breakthroughs and is a well-developed area in the AI literature. There have
been many developments related to computer vision through advances in deep learning.

Large datasets such as ImageNet for training deep learning models (Deng et al., 2009),
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A Used Example of CEO Speech

Figure 4: This figure presents the spectrogram (voiceprint) of the second sentence
by Michael R. McMullen, CEO of Agilent Technologies Inc., during the earnings
conference call on February 14, 2017. The left vertical axis shows the frequency
(Hz) of audio signals. The horizontal axis documents the time (seconds), and the
right vertical axis (index) and the color represent the audio signals’ intensity at each
time x frequency location.

frequency [Hz]

pre-trained models such as SpeechVGG for transfer-learning (Beckmann et al., 2019), and
economic and finance research also started to adopt the methods (Gorodnichenko et al.,
2023; Hu and Ma, 2021; Curti and Kazinnik, 2021; Naik et al., 2016). However, speech
analysis based on audio data and DL models in economics and finance is still emerging.
In this paper, however, I will look at leveraging the recent advances in Al algorithms for

manager speech analysis.

4.3 Deep learning and transfer learning

Now that the audio signals are represented as spectrograms, I can classify them like the
other images using neural networks. The model of choice for most image processing tasks
is a DL model based on CNNs. The problem with my dataset is that it is relatively small
for DL applications. This could lead to overfitting the models to a particular data, which
means that the trained models perform well on all the audio signals of manager speech in-
sample but would not generalize to other manager speech signals out-of-sample. I address
model over-fitting by using dropout layers and transfer learning techniques. Dropout is a
regularization technique that can prevent overfitting by randomly dropping out (i.e., set to
zero) some of the neurons in a neural network during training. At the same time, transfer
learning is a technique in deep learning that involves using pre-trained neural network
models as a starting point for training new models on different but related tasks.

Transfer learning can effectively address the problem of overfitting by allowing the
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model to leverage knowledge learned from a large and diverse dataset during pre-training.
This approach entails deploying a deep learning model proficiently trained on task A in-
volving a substantial dataset to tackle a related task B characterized by a smaller dataset.
The advantage lies in the transfer of knowledge acquired during task A training to en-
hance task B’s performance, for example, the hyperparameters and optimal weights of
the pre-trained deep learning models. Typically, in transfer learning, the entirety of the
pre-trained model is retained, except for the top (classification) layer, which is explicitly
retrained on task B. The pre-trained model’s output, excluding its classification layer,
comprises a high-dimensional vector that appropriately represents various tasks associated
with task A, often commonly denoted as a representation.

Considering the relatively modest size of my CEO speeches dataset, I have chosen to
implement transfer learning based on pre-trained models and compare results. Because the
best choice of model architecture has yet to be conclusive in existing literature, I employ
one of the leading pre-trained models for speech representation, namely the SpeechVGG
model (Beckmann et al., 2019). Simultaneously, I incorporate a seminal deep convolu-
tional neural network VGG16 architecture for large-scale image recognition and general
classification purposes(Simonyan and Zisserman, 2014), serving as a benchmark for com-
parison. Additionally, I explore the capabilities of the TRILLsson model (Shor et al.,
2022), specifically designed to yield a profound representation of speech for "paralinguis-
tic" tasks. The outcomes of the corresponding transfer-learning experiments are currently

in the developmental stage (Liu et al., 2023).

5 Empirical Analysis and Results

This section shows the DL model architectures and model prediction results on firm
performance. I trained models with a 1-layer of the CNNs, a 2-layer of CNNs with average-
pooling layers, a 2-layer of CNNs with max-pooling layers, a pre-trained VGG16, and a
pre-trained SpeechVGG model. I report model architectures and corresponding prediction
results in all four models and illustrate a complete training process using a 2-layer CNN
model. Figure 5 shows the 2-layer CNN model’s model architecture on the left (a) and
the model architecture of the transfer-learning model based on VGG16 on the right (b).
I report all the other detailed model architectures, including VGG16 and SpeechVGG, in
the Online Appendix.

Based on firm performance after the event date of earnings conference calls, 1 classify
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Model Architecture Examples

Figure 5: This figure presents model architectures of deep learning (DL) models.
On the left-hand side is a 2-layer CNN model’s architecture that includes two CNN
layers called "Conv2D" and two max pooling layers. On the right-hand side is a
pre-trained VGG16 model (Simonyan and Zisserman, 2014) architecture adopted
to binary outputs. The model inputs are the speech spectrograms of managers.
The inputs of InputLayer are three-dimensional matrices decomposed from speech
spectrograms with a size of 150 x 150 x 3 (heights, widths, and pixels of a graph
— red, blue, or green). The model outputs are classification results that are either
positive or negative, which is a one-dimensional result. There are 42,487,745 and
16,812,353 parameters for the 2 model architectures, respectively.
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the CEO speeches as either a positive one with a corresponding positive CAR or a negative
one that results in a negative CAR. So, the output of the DL models is a binary variable
for simplicity as a starting point. I divide the whole sample into training, validation, and
final test datasets independent of training processes to train and evaluate models out-of-
sample. The training datasets are used to fit the models, while the validation datasets
provide an unbiased evolution of a model fit on the training dataset. I decide which model
to save during the training process based on the model evaluation, such as prediction
accuracy, using the validation datasets. Eventually, after I save the best model from the
training and validation process, I use the independent test datasets to evaluate the model

performance based on prediction accuracy. Meanwhile, I use mini-batches with a batch
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size of 6 spectrograms and an epoch size of 20 times to train models. The batch size
is the number of speech spectrograms processed before the model weights are updated
based on errors between the model prediction and the realized results. The number of
epochs is the number of complete passes through the training dataset. Finally, because the
initial model weights and dataset splits are essential for model performance, I validate my
models by repeating the out-of-sample prediction 100 times using K-fold cross-validation.
I randomize the training, validation, and test dataset splits and the initial model weights
every time to ensure the model results’ reliability. More specifically, I first fix the order of
the datasets, divide the whole sample into four folds (K = 4), and take one out of the four
as the independent datasets and the rest as training and validation datasets. I repeat this
process four times to have four sets of training, validation, and test datasets for a complete
round. Finally, I repeated 25 times a complete round to have 100 observations of model
prediction accuracy to see the average and confidence intervals of model performances.
To my knowledge, I am the first to validate the models instead of focusing on one best-
performed model. Next, we can see an example of one complete training process in Figure
6.

Figure 6a shows that the training accuracies increase over time and reach a prediction
accuracy of around 99% on the 20th epoch. Meanwhile, the model is also "learning" in
the training datasets over epochs as the validation accuracy increases. The prediction
accuracy on the in-sample validation datasets reaches the highest level (around 65%) at
the 6th epoch. It starts to decrease until the 12th epoch before the training process ends
on the 20th epoch. Finally, I ran a test of the model on the independent out-of-sample test
dataset; the model has a prediction accuracy of around 66.7%, which is much higher than
a random draw benchmark with an accuracy of 50%. Thus, based on the results shown
in Figure 6a, I choose the corresponding model weights from the 6th epoch. In Figure 7b,
the out-of-sample prediction accuracy reaches approximately 53.4% with a 99% significant
lower bound above 50%. Furthermore, at this stage, the prediction accuracy is solely
based on audio data without incorporating textual information and firm characteristics.
Therefore, we can interpret the results as economically significant before we move to more

stringent tests later in this section.

5.1 Model training and selections

Because the financial analysts are the most direct audiences interacting with the CEO

during earnings conference calls and financial analysis are sophisticated finance profession-
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An Illustration of the Model Selection

Figure 6: This figure presents the training process and evaluation results on classifi-
cation tasks based solely on raw audio data and analyst recommendation consensus
changes (ARECs) of 2-layer CNN models with the max-pooling layers. The depen-
dent variable is binary (negative or positive) based on changes in analyst recommen-
dations one month after the earnings conference call. On the left-hand side is an
example of a complete model selection process. The model is trained with a batch
size of 6 and an epoch size of 20 times. Training, validation, and test accuracy are
presented in the plot using accuracy (%) as the y-axis and the number of epochs as
the x-axis. The blue dots represent the model performance per epoch on the train-
ing datasets; the black diamonds represent the model performance per epoch on the
validation datasets. The horizontal dashed green line shows the model performance
on the in-sample validation datasets; the horizontal red line shows the model per-
formance on an independent out-of-sample test dataset; the vertical light-blue lines
show the best models” model performance based on validation accuracy in an entire
training process (6th epoch in this example). On the right-hand side, the model
selection processes are repeated 100 times by randomizing the initial model weights,
training, and validation datasets using K-fold cross-validation (K = 4). The solid
light-blue lines show the 50% threshold (expected accuracy of a random draw) of
prediction accuracy. The shaded areas stand for 99% confidence intervals.
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als compared to an average household, I first select the optimal hyperparameters and model
weights for different model architectures based on ARFEC's. Then, I employ the selected
models to predict other firm performance variables out-of-sample. The main economic
mechanisms I am exploring are the market reactions based on an average analyst’s percep-
tions of CEO speeches during earnings conference calls. In this part, I plot the training
process and prediction results of short-term firm performance classified by analyst recom-
mendation consensus changes (ARFEC's) in one month after the earnings conference call

for the five different model architectures: a 1-layer CNN model (1CNN) with an average-
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pooling layer!®, a 2-layer CNN model (2CNN(M)) with max-pooling layers'!, a 2-layer
CNN model (2CNN(A)) with average-pooling layers, a transfer-learning model based on
the pre-trained VGG16 model (VGG16) and a transfer-learning model based on pre-trained
SpeechVGG model (S-VGG). The models are trained to predict future firm performance
based solely on the second sentence of a manager’s speech in an earnings conference call,
which contains orthogonal information to textual content and financial information pre-
sented by the manager. In total, I have 459 observations due to the database’s availability
of ARECs. 1 have 359 pairs of speech spectrograms and firm performance in training
datasets and 100 pairs in the validation and test datasets. While the positive and negative
firm performance observations are equally distributed in the validation and test datasets,

I have 197 positive and 162 negative firm performance observations in the training datasets.

1Tn deep learning, max-pooling and average-pooling are common operations used in convo-
lutional neural networks (CNNs) to downsample the spatial dimensions of feature maps. An
average-pooling layer takes the average value from the same local region of the input feature map.
It computes the average value within each window. The output of the average-pooling layer is a
downsampled feature map that is smoother and less sensitive to small variations in the input map.

A max-pooling layer is a pooling operation that takes the maximum value from a local region
of the input feature map. The local region is defined by a window or kernel that slides over the
input map and selects the maximum value within each window. The output of the max-pooling
layer is a downsampled feature map that retains the most important features of the original map
while reducing its spatial dimensions.
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Model Predictions for Analyst Recommendation Changes

Figure 7: This figure presents the boxplots (top figures) and the average and two-tail 99% confidence intervals (bottom figures) of the
chosen models’ prediction accuracies of analyst recommendation changes (AREC's) on the validation datasets (left) and the independent
test datasets (right). The dependent variable is binary (negative or positive) based on changes in analyst recommendations one month
after the earnings conference call. The boxplots (sub-figures on top) show minimum without outliers, 25th quantile, median, 75th quantile,
and maximum without outliers of prediction accuracies. The void dots are outliers. The two sub-plots on the bottom show the lowest
CI boundary (0.05%), average, and highest CI boundary (99.5%) of model prediction accuracies. The solid light-blue lines show the
50% threshold of prediction accuracy. The y-axis shows the model architecture types, and the x-axis shows the prediction accuracy for
positive or negative AREC's. Along the y-axis, "S-VGG" stands for the transfer-learning model based on SpeechVGG (Simonyan and
Zisserman, 2014), "VGG16" stands for the transfer-learning model based on VGG16 (Beckmann et al., 2019), 2CNN(M) stands for my
self-trained model with two CNN layers with max-pooling layers, 2CNN(A) stands for my self-trained model with two CNN layers with
average-pooling layers, and 1CNN stands for my self-trained model with one CNN layer and a max-pooling layer.
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Figure 5 shows prediction accuracies of 100 times model selection processes for five
different model architectures on the in-sample validation datasets and the independent
out-of-sample test datasets of the chosen models based on the highest value of validation
accuracy. The models are trained with a batch size of 6 and an epoch size of 20 times.
The training processes are repeated 100 times by randomizing the training and validation
datasets and the initial model weights using K-fold cross-validation (K = 4). The solid
light-blue lines show the 50% threshold of prediction accuracy. In Figure 5a, we can see
that all five models perform much better than the chance level in-sample and reach a
median accuracy and lower 99% confidence intervals of more than 60%.

Meanwhile, in Figure 5b, we see that the out-of-sample model performances are poorer
than the in-sample results. However, four of the five models’ median performances and
lower 99% confidence intervals are still above the chance level (50%), and three models
reach an accuracy of more than 55% on average. Moreover, we see the simpler models with
one CNN layer and a max-pooling layer (1CNN), with two CNN layers and max-pooling
layers (2CNN (M)), and with two CNN layers with average-pooling layers (2CNN(A))
outperform the more complex architecture - VGG16 and SpeechVGG. While the median
performance and the lower 99% confidence interval of SpeechVGG are still reasonably above
the chance level, VGG16 shows a problem of model over-fitting.

To further check the out-of-sample model performances, let us check the results on the
average accuracies and confidence intervals on the bottom in Figure 5b. As we can tell, the
SpeechVGG model’s average prediction accuracy is around 54%, and the lowest confidence
interval is around 52%, which is above the 50% accuracy threshold. Therefore, I will focus
on SpeechVGG for the transfer-learning model for later discussions in the paper. On the
other hand, when I further check the simpler models I trained and tuned by myself, we
see that the 2CNN(M) model outperforms the other two simpler models - 2CNN(A) and
1CNN. The 2CNN(M) model shows the highest average prediction accuracy, and its lower
99% confidence interval is around 55%, which is well above the 50% threshold. Thus, I
will select the 2CNN(M) model as my self-trained model example for later empirical tests.
Overall, the preliminary prediction results above show that CEO vocal characteristics are
relevant for future firm performance. In the following parts of this paper, I will further test
prediction results for other firm performance variables by incorporating textual contents

and firm fundamentals based on SpeechVGG and 2CNN(M) models.
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5.2 Predicting firm performance

In this part, I summarize the results regarding short-term and long-term future firm
performance using multimodal deep learning regression models (MDRMs) that incorpo-
rate firm characteristics, the CEO speech’s textual features, and the CEO speech’s audio
features. The models are currently trained to predict long-term firm performance based on
the second sentence of a manager’s speech, which contains behavioral features orthogonal
to textual content and financial information presented by the manager. In this part, I use
a simple logistic model to incorporate different features to predict future firm performance.
The dependent variables (or labels in the AT literature) - analyst recommendation changes
(ARECS), unexpected earnings, three-day cumulative abnormal returns (CAR(0,2)), and
half-year cumulative abnormal returns (CAR(2,127)) are all binary variables. The de-
pendent variable equals 1 if the value of the corresponding firm performance indicator is
above the median value in my sample and equals 0 otherwise. The financial variables are
the firm’s profitability (earnings per share), past return volatility, book-to-market ratio,
size (market capitalization in $ million), and momentum (past half-year cumulative abnor-
mal returns before the earnings conference call (CAR(-127,-2)) following Fama and French
(2015) and Ehsani and Linnainmaa (2022). The textual features include the percentage of
positive words, percentage of negative words, percentage of uncertainty words, percentage
of litigious words, percentage of modal-weak words, percentage of strong modal words,
percentage of constraining words, the average number of syllables per word, and average
word length following Loughran and McDonald (2011). By using 309 cross-sectional ob-

servations!?

in my sample with no missing values in either of the four variables, I show
that my deep learning models outperform those that incorporate only financial and textual
features on average. I also run robustness checks using other model specifications, such as
random forest models and support vector machine models, which are not reported in this
version. The main results do not differ from the logistic models.

In the first row of Table 2, we can see that the models that incorporate only financial
variables have predictive power for three out of the four firm performance indicators -
ARECs, CAR(0,2), and CAR(2,127) - on average, but failed to predict the unexpected
earnings (UEs). By incorporating the textual features based on Loughran and McDonald

(2011), we can see that the prediction results improved in the second row for all four firm

performance indicators. Especially regarding UEs, the "Fin.+textual features" model can

12T further collected two years of cross-sectional data to construct a panel dataset. However, the
results still need to be finalized.

26



predict the firm performance with an average accuracy of around 56.6% (around 7.5%
improvements from the corresponding "Financial fundamentals" model).

I incorporate an audio factor (output from the "dense 5" layer in Figure 3a) generated
from my self-trained 2CNN(M) model in the third row. By incorporating a single audio fac-
tor, the models outperform the "Fin.+textual features" models regarding analyst-related
variables - analyst recommendation changes (AREC's) and unexpected earnings (UEs) but
failed to explain the market-related variables - CAR(0,2) and CAR(2,127) on average. In
the fourth row, when I generate the single audio factor (output from the "dense 3" layer
in Figure 3b) from the transfer-learned SpeechVGG model, the models do not outperform
the "Fin.+textual features" models in the second row except for predicting the unexpected
earnings (UEs) on average. Therefore, we can see that though a single audio factor can be
interpreted as vocal sentiment, reducing the audio features to a single audio factor, as in
Gorodnichenko et al. (2023), Hu and Ma (2021), and Mayew and Venkatachalam (2012)
lose explainable power to the financial fundamentals and textual content of a speech.

Finally, in the last two rows, I incorporate the multi-dimensional audio features out-
put from the second last layers of the deep learning models, as shown in Figure 3 - the
"dense 4" layer in Figure 3a and the "dense 2" layer in Figure 3b, in addition to financial
fundamentals and textual features. Even though the performance of the multi-dimensional
model based on my self-trained 2CNN(M) model only slightly improves from the cor-
responding single audio factor model in the third row, the prediction accuracies of the
multi-dimensional model based on the transfer-learned SpeechVGG model improves sig-
nificantly. Compared to the "Fin.+textual features" specifications, the "Audio features
(SVGG)" models show much better prediction results on analyst recommendation changes
(a 14.4% improvement), unexpected earnings (a 6.2% improvement), CAR(0, 2) (a 12.0%
improvement), and CAR(2, 127) (a 17.3% improvement). Although these intermediate
models are yet to be the best for explaining future firm performance, we can still conclude
that the behavioral features of a CEQ’s speech matter regarding a firm’s future perfor-
mance. Moreover, the models benefit from higher dimensionalities of the unstructured
audio data. Thus, it is essential to incorporate unstructured data, like CEO speeches, with
granular dimensions for further research. This also distinguishes my paper from Mayew
and Venkatachalam (2012) and Hu and Ma (2021) regarding analyzing managers’ speeches.
Given the flexibility and transparency of my DL models, I can continue the "learning" of my
models by incorporating more observations to improve the model weights further and/or

tuning hyperparameters of models, such as the number of CNN layers, or exploring more
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advanced pre-trained models for transfer learning. Given my DL models’ flexibility and
transparency, I can continue the "learning" process by incorporating more observations to
improve the model weights. Besides, I can fine-tune models’ hyperparameters, such as the

number of CNN layers, or explore different pre-trained models for transfer learning.
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Summary Table of Models’ Out-of-sample Prediction Results

Table 2: This table summarizes average out-of-sample prediction results (Pred. Accuracy), corresponding standard errors (Std. Err.),
and 99% confidence intervals (Cls) of different logistic model specifications. 1 use the models to predict firm performance regarding
analyst recommendation changes (AREC's), unexpected earnings (UEs), three-day cumulative abnormal returns (CAR(0,2)), and half-
year cumulative abnormal returns (CAR/(2,127)), respectively. The logistic models are trained and tested with an 80-20 sample split based
on 309 observations (all four variables are available). The prediction results are based on a 100 times reshuffle of training and testing
samples with random initial model weights. "Financial fundamentals" stands for the model that only incorporates financial variables,
including the firm’s profitability (EPS), past return volatility, book-to-market ratio, size (market cap.), and momentum (CAR(-127,-2))
following Fama and French (2015) and Ehsani and Linnainmaa (2022). "Fin. + textual features" stands for the model incorporating
textual features following Loughran and McDonald (2011) in addition to financial features. "-+Single audio factor (CNN)" stands for the
model incorporating a one-dimensional single audio factor based on my self-trained 2CNN(M) model in addition to the "Fin.+textual
features" specifications. The "single audio factor" is the probability that a speech is positive (above median firm performance) with a
value range between 0 and 1. "+4Single audio factor (SVGG)" stands for the model incorporating a one-dimensional single audio factor
based on my transfer-learned SpeechVGG model in addition to the "Fin.+textual features" specifications. "+Audio features (CNN)"
stands for the model incorporating multi-dimensional audio features (2nd last layer of the neural network) for constructing the "single
audio factor" generated from my self-trained 2CNN(M) model in addition to the "Fin.+textual features" specifications. "+Audio features
(SVGQG)" stands for the model incorporating multi-dimensional audio features (2nd last layer of the neural network) for constructing the
"single audio factor" generated from my transfer-learned SpeechVGG model in addition to the "Fin.+textual features" specifications.

Prediction results based on logistic models

Analyst recommendations changes (AREC's) Unexpected earnings (UEs) CAR(0,2) CAR(2,127)

Pred. Accuracy (Std. Err.) [99% CIs] Pred. Accuracy (Std. Err.) [99% CIs] Pred. Accuracy (Std. Err.) [99% CIs]

Pred. Accuracy (Std. Err.)

[99% CIs]

Financial fundamentals
Fin.+textual features
+Single audio factor (CNN)
+Single audio factor (SVGG)
-Audio features (CNN)
+Audio features (SVGG)

52.0% (6.3%)
54.2% (5.3%)
54.6% (6.1%)
53.6% (6.6%)
54.6% (5.7%)
62.0% (8.4%)

[50.3%, 53.7%]
[52.8%, 55.6%]
[53.0%, 56.3%]
[51.8%, 55.3%]
[63.1%, 56.1%]
[59.8%, 64.3%]

49.1% (5.6%)
56.6% (5.8%)
56.9% (6.0%)
57.2% (5.7%)
57.1% (6.1%)
60.1% (6.6%)

[47.6%, 50.6%]
[65.1%, 58.2%]
[55.3%, 58.4%]
[55.7%, 58.7%]
[55.5%, 58.7%]
[58.3%, 61.8%]

52.2% (5.9%)
54.8% (5.4%)
53.0% (6.1%)
52.0% (6.0%)
54.3% (5.6%)
61.4% (8.3%)

[50.6%, 53.8%]
[53.3%, 56.2%]
[51.4%, 54.7%]
[50.4%, 53.5%]
[52.9%, 55.8%]
[59.2%, 63.6%]

51.6% (6.1%)
55.5% (7.0%)
54.6% (6.6%)
53.8% (6.0%)
54.4% (6.3%)
65.1% (7.1%)

[50.0%, 53.2%)
[63.7%, 57.4%)
[52.9%, 56.3%)
[52.2%, 55.4%]
[52.7%, 56.0%)
[63.2%, 66.9%)]




6 Deep Embeddings of CEO Speeches

Following Liu et al. (2023), I try to partially open the "black box" by employing the
state-of-the-art transfer-learned deep learning model to extract CEO vocal cues (paralin-
guistic features). In their study, Liu et al. (2023) demonstrate that the analyst evaluation
can be predicted with an accuracy ranging from 60% to 65% based on CEO vocal cues
(paralinguistic features) during earnings conference calls using their deep learning model.
I first visualize the embeddings of the CEQ’s speeches to show that emotions cannot fully
explain the CEO’s vocal cues. This shows an advantage of my approach compared to the
existing literature, such as methods used in Gorodnichenko et al. (2023) and Hu and Ma
(2021). To improve the interpretability of the acquired embeddings, I developed a vocal
emotion classifier utilizing the pre-trained architecture. Subsequently, I compare the iden-
tified emotion classes with the classifications related to analyst recommendation changes

on the same firm-quarter observation.

6.1 The RAVDESS dataset

The Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS) is
a validated multimodal repository dedicated to emotional speech and song. The speech
segment encompasses a spectrum of emotions, including calm, happy, sad, angry, fear-
ful, surprised, and disgusted expressions. Diverse presentation formats are available in
the database, including face-and-voice, face-only, and voice-only. The extensive collection
comprises 7356 recordings, subject to a thorough evaluation, with each entry rated ten
times for emotional validity, intensity, and genuineness (Livingstone and Russo, 2018)!3.
In the subsequent section, I employ the embeddings derived from CEO vocal cues to ex-
tract corresponding cues from the RAVDESS datasets. Subsequently, these embeddings

are visualized to illustrate the paralinguistic features inherent in the data. Moreover, the

vocal emotion classifier

6.2 Examining the deep embeddings for the RAVDESS dataset

Figure 8 illustrates the 1024-dimensional Conformer Applied to Paralinguistics (CAP)
model (Liu et al., 2023) mappings using t-distributed stochastic neighbor embedding (t-

13 All recordings are made freely available under a Creative Commons license and can be down-
loaded at https://doi.org/10.5281 /zenodo.1188976
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SNE)! following Van der Maaten and Hinton (2008). The three scatter plots are identical;
only the colored labels are different. The top plot is labeled according to the seven emotions
expressed by the RAVDESS actors. Although some degree of clustering is visible, the class
separation is not strong. This indicates that relying solely on emotion does not sufficiently
explain the paralinguistic nuances of CEOs. By exclusively employing audio sentiment
or emotion labels from CEO speeches, there exists information that remains ignored in
the analysis. My approach represents an enhancement of methodologies utilized in previ-
ous literature, acknowledging the need for a more comprehensive understanding beyond a
singular focus on emotion to capture the intricate dimensions of CEO communication.

In the middle plot, labels are based on the actors responsible for vocalizing the emo-
tions, and the resulting CAP mappings distinctly cluster utterances by the same actor.
This observation underscores the significance of individual voice characteristics in explain-
ing the extracted vocal features crucial for predicting firm performance. Moving to the
bottom plot, the labels now denote the gender of the actors. Notably, the CAP embed-
dings for male and female actors exhibit an almost perfect separation, suggesting that
the difference in average pitch between males and females is a key factor in explaining
the paralinguistic features. Overall, the findings from CAP embeddings underscore the
importance of individual characteristics, with gender standing out more prominently than
emotion. Once more, this underscores the significance of delving into vocal cues in addition

to speech emotion recognition.

14¢_distributed stochastic neighbor embedding (t-SNE) is a statistical method for visualizing
high-dimensional data by giving each datapoint a location in a two or three-dimensional map.
It is based on Stochastic Neighbor Embedding originally developed by Geoffrey Hinton and Sam
Roweis[1], where Laurens van der Maaten proposed the t-distributed variant.[2] It is a nonlinear
dimensionality reduction technique for embedding high-dimensional data for visualization in a low-
dimensional space of two or three dimensions. Specifically, it models each high-dimensional object
by a two- or three-dimensional point in such a way that nearby points and dissimilar objects model
similar objects are modeled by distant points with high probability.

31



Visualisations of Deep Embeddings

Figure 8: This figure presents visualisations of t-distributed stochastic neighbor em-
bedding (t-SNE) mappings of the raw Conformer Applied to Paralinguistics (CAP)
embeddings of the RAVDESS dataset following Liu et al. (2023). The three map-
pings are identical but labeled according to emotion (top), actor (middle), and sex
(bottom). The raw CAP embeddings reveal the actor and especially gender more
prominently than emotion.
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INlustration of Emotion Classifier

Figure 9: This figure shows the utilization of pre-trained deep embeddings based on
CEO speeches during quarterly earnings conference calls (QECs). These embeddings
serve as input data for training a classifier designed to recognize and categorize the
eight distinct emotions outlined in the RAVDESS database following Liu et al.
(2023).

Prediction vocal emotion from actor speech

neutral
calm

- happy
Pre-trained network Embedding glr;sostilf(ijgr » a:;rs

fearful
Aud .|o disgust
(emotion) surprise

After training, this classifier can translate
embeddings into histograms of 8 emotions

6.3 Mapping the embeddings onto the emotions

To facilitate the interpretability of the deep embeddings, I use the trained classifier on
analyst recommendation consensus changes to map the embeddings of the CEQ’s voices
onto the RAVDESS emotions. I employ deep embeddings trained on CEO speeches from
quarterly earnings conference calls (CEO QEC) for emotion classification, leveraging the
RAVDESS databases. The process involves training a linear logistic model, utilizing the
pre-trained deep embeddings, to classify eight RAVDESS emotions. The trained classifier
maps each 1024-dimensional embedding onto an 8-dimensional representation, where each
element corresponds to a distinct emotion, as shown in Figure 9.

Analyzing the emotional representations of CEO vocal embeddings linked to positive
and negative evaluations provides insights into the impact of emotions on the shifts in an-
alyst recommendation consensus changes. In Figure 10, I find that applying the emotion
classifier to the CEO-voice embeddings revealed that a positive change in analyst evalua-

tions is reflected in vocal patterns that are more happy and, surprisingly, more fearful.
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Emotion Scores: Positive - Negative Embeddings

Figure 10: This figure highlights the variations in emotion scores between CEO
speeches classified as positive based on analyst evaluations and those identified
as negative speeches following Liu et al. (2023). The y-axis shows the emotion
scores, values ranging from 0 to 1, based on the trained emotion classifier based on
RAVDESS database. The x-axis shows the eight emotions labeled in the RAVDESS
database. Figure 10a on the left-hand side is based on the whole sample, while Fig-
ure 10b on the right-hand side is based on the sample with only male CEOs. These
figures show that applying the emotion classifier to the CEO-voice embeddings re-
vealed that a positive change in analyst evaluations is reflected in vocal patterns
that are more happy and, surprisingly, more fearful.
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7 Conclusion and Further Research

To conclude, we can see the predictability of managers’ vocal cues to future firm perfor-
mance. There is evidence that managers’ vocal cues are informative about both short-term
and long-term firm performance in addition to the quantitative and qualitative contents in
quarterly or annual reports or earnings conference calls. I can preliminarily interpret these
results as to how the manager says qualitative information, such as business strategies and
business plans, are informative, in addition to how the manager summarizes quarterly per-
formances, which are included in quarterly and annual reports and priced by the market.
With the most conservative conclusion, vocal cues’ or vocal sentiment features predictabil-
ity supports the social economic, and finance theories that human interactions matter in
the information transmission process (Hirshleifer, 2020). Therefore, it is meaningful to
move this research further by establishing consistent results and exploring the economic
mechanisms behind the economic consequences.

As discussed in Section 5, one technical direction to extend the current research is to
improve the DL models by optimizing model weights with more data, fine-tuning hyperpa-
rameters, or applying different pre-trained DL models for transfer learning. Furthermore,
I can rely on DL visualization to understand the essential vocal features based on model
weights, as discussed in Section 6. For example, I can know whether depression detected in
the vocal cues is informative in predicting firm performance by following Homsiang et al.
(2022).

I have collected two more years of cross-sectional observations to construct a panel
dataset to control for firm and time-fixed effects. Meanwhile, to better understand the
economic mechanisms and the measures on vocal cues, I will also collect the CEO charac-
teristics from the BoardEx database directly. This approach tests the hypothesis that vocal
cues are quality signals that help investors improve their decision-making. For example,
if including additional control variables such as CEO education and employment history,
the impacts of vocal features drop, then the result supports the hypothesis and vice versa.
An investment experiment can also be used to explore behavioral biases. 1 will follow the
structure of (Bohren et al., 2019) and aim to distinguish and quantify inaccurate beliefs
versus taste-based channels.

Finally, the methodology and framework in this research can be expanded to other
research topics and applications using transfer learning. For example, the analysis of
directors’ speeches of central banks may predict monetary policies and macroeconomic sit-

uations (Gorodnichenko et al., 2023). More related, the economic consequences of speech
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analysis and human interactions can be applied to financial results of pension communica-
tion, M&As, IPOs, and more qualitative firm perspectives regarding environment, society,

and governance (ESG) performance.
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