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Abstract

This article introduces a new sentiment analysis framework that extracts information from audio

records to predict stock returns. Unlike the previous scoring approach in finance literature that relies on

the vocal emotion analysis software, this approach combines Speech Emotion Recognition and Transfer

Learning to deliver customized sentiment scores for individual research purposes. It contains three

components: feature extraction, sentence-level transfer learning, and scoring aggregation via penalized

likelihood. In the empirical analysis, I study the earning calls corpus and examine the incremental

informativeness and the corresponding market reaction. I show that this approach excels at extracting

predictive signals and that speech sentiment is a remarkable predictor of abnormal returns. I then extract

the text sentiment scores from the corresponding transcript using the BERT model and demonstrate

that a trading strategy based on speech generates a Sharpe Ratio that is 2.75 times higher than the text

strategy. Moreover, speech contains more information than text and a strategy combining both of them

provides a Sharpe Ratio that is twice as large as the pure speech strategy. Eventually, information in

speech is incorporated into prices with a delay thus it can be exploited in a real-time trading strategy.
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1 Introduction

Stocks return prediction is a remarkable concern for researchers and market practitioners. Traditionally,

people have relied on accounting and fundamental data. In recent decades, technology is deeply incorporated

into financial studies (surveyed in Giglio et al. 2021). Machine learning makes it possible to use predictive

information in complex and unstructured datasets, such as textual data (Ke et al., 2020) and image data

(Jiang et al., 2020). Text is the most commonly used data source in finance to study stakeholders’ sentiment

in news, annual reports, and earnings conference calls transcripts. While the textual and visual analysis in

finance is growing increasingly sophisticated, the usage of speech data is in its infancy.

Studies in psychology and linguistics have long documented that the human oral speech conveys ex-

tensive information beyond the literal meaning shown in a verbal content (Caffi and Janney, 1994). This

suggests that compared to the text, speech communication might be an alternative or even better signal

to study sentiment and predict stock returns. In computer science, new techniques have been around for

over two decades to deal with audio sentiment measurement. Speech emotion recognition (SER) is a col-

lection of methodologies that process audio signals, extract acoustics features and detect the embedded

emotions. Despite the widespread use of SER in psychological assessment, human-computer interaction,

and communication evaluation (surveyed in Akçay and Oğuz 2020; Schuller 2018), research that focuses on

SER application in finance and economics is limited. In finance, it was not until 2012 that researchers start

focusing on sentiment analysis based on nonverbal communication. In early studies, the sentiment scores are

frequently computed through a commercial vendor, and then used in asset pricing models for investigating

the impact on stock price movement and the firm’s future performance.

In this paper, I propose a new method to conduct sentiment analysis on speech data based on SER and

cross-corpus transfer learning. This scientific approach establishes a valid measurement of acoustics features

and provides meaningful estimates of the speaker’s emotional state without relying on the vendor’s private

“know-how”. The intuition of this model is to learn the feature pattern of known sentiment speech and

use that knowledge to classify unknown sentiment speech. I abbreviate my method as SETLS (Sentiment

Extraction via Transfer Learning and SER) and it consists of three parts. The first step extracts the

acoustics features set, eGeMAPS (Eyben et al., 2016), on the sentence level for two datasets: the source

domain (labeled records) and the target domain (unlabeled records). The second step conducts the transfer

learning-based sentiment classification with a domain confusion loss to learn a representation of the target

from the source that minimizes the variance in between (Tzeng et al., 2014). At the end of the second step,

I get sentence-level sentiment scores on the target dataset. The third step assigns document-level sentiment

scores via penalized maximum likelihood (Ke et al., 2020).

The main virtue of this model is its transparency and flexibility. Compared to the secret algorithms

of the commercial product, this model clearly presents the machine learning architecture and the acoustic

features based on which the classification is conducted. Therefore, it is much more flexible and there remains

a wide-open area to improve the structure or the input. For example, adding textual data and constructing

a multi-modality model might improve the accuracy of sentiment classification and empower the returns

forecast ability. The implementation of more acoustic features, such as the Teager Energy Operators (Zhou

et al., 2001), which are specifically designed to measure stress, enables deception detection during a financial
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disclosure presentation.

My empirical analysis revisits from a speech analysis perspective the core aspect of financial markets

research: the extent to which sentiments of earnings calls explain and predict observed asset price variation.

I analyze the earnings calls dataset proposed by (Qin and Yang, 2019). This dataset contains 571 earnings

conference calls of 279 companies in 2017, with a total of 89,843 utterances. Using the dates of the events

and the names of the companies, I match the speech with stock data from CRSP and Compustat to analyze

the price movements and firms’ performance after the disclosure speech. The key feature of my approach

is that I learn the sentiment scoring model from the external corpus and based on emotion-related acoustic

features, rather than predicting asset prices directly or taking sentiment scores off the shelf.

To translate the machine learning results into economic terms, I study the impacts of speech sentiment

scores on firms’ returns and evaluate the performance of trading strategies that buy assets with positive

speech sentiment and sell assets with negative sentiment. These long-short portfolios perform well on the

first two days after the earning conference, while the impact dies out on the following days.

I compare the price impact of speech versus text sentiments by extracting sentiments from earning calls

transcripts with the FinBERT (Araci, 2019) model, a language model based on BERT for financial NLP

tasks. While long-short strategies based on both forms of sentiment generate significant positive excess

returns, the correlation between the two sentiment scores is insignificant. After controlling for the linguistic

content in the conference calls, both positive and negative effects exhibited by managers are associated

with contemporaneous stock returns. Additionally, a strategy that combines two signals generates a higher

Sharpe Ratio than any of the single signal strategies(170% higher than pure speech strategy and 475%

higher than pure text strategy).

Furthermore, this framework can be used to investigate the process of price formation. While the speech

sentiment information is fully incorporated into prices within 2 days, the text sentiment takes one extra day

to be completely assimilated. As a consequence of this high speed of assimilation, I propose intraday and

overnight strategies to explore the arbitrage opportunity. Likewise, I study how differences in sentiment

information assimilation are associated with firm size and find that price responses to speech sentiment are

roughly 28 times as large for smaller firms and that it takes twice as long for sentiment shock about big

firms to be fully reflected in prices.

Eventually, I demonstrate the universal adaptability of SETLS by employing an alternative source corpus

and classifying speech based on discrete emotions.

This paper adds to the research on nonverbal communication in finance. Most prior work using speech

as data for finance and accounting research use a commercial software called Layer Voice Analysis (LVA) to

obtain sentiment scores. They do little of vocal acoustic features based sentiment measurement model, and

the results obtained from this commercial product are unreliable because it does not publish its algorithm.

Early examples are (Mayew and Venkatachalam, 2012; Hobson et al., 2012; Price et al., 2017). Nonverbal

communication was first studied by Mayew and Venkatachalam (2012). They measure the emotional states

during earnings conference calls using LVA. Then they regress cumulative abnormal returns on the emotion

scores. With these regressions, they show that positive and negative effects displayed by CEOs and CFOs

are informative about the firm’s financial performance in the future. Later, Hobson et al. (2012) further

investigated nonverbal signals and find that vocal markers of cognitive dissonance by CEOs during earnings

3



conference calls are positively associated with the likelihood of irregularity restatements, suggesting that

vocal cues may be used to detect intentional deception in corporate disclosures. These two articles are the

precedents in the research of speech in the financial field and lay a foundation and paradigm for subsequent

research. However, they are criticized for using LVA, an irrelevant technology that cannot measure emotions

conveyed by voice (Lacerda, 2012).

Some papers published at computer science conferences adopt machine learning techniques, e.g., BiLSTM

or transformer, to predict stocks volatility directly using textual transcripts and acoustics features from

audios(Qin and Yang, 2019; Yang et al., 2020; Li et al., 2020). While their models achieve significant and

substantial prediction error reduction, they do not explain the linkage between acoustic feature, sentiment,

and financial outcomes. This makes them similar to black boxes as the LVA software. On the contrary,

the output of my model is sentiment scores, which naturally overcome this deficiency. They have economic

meanings because they depict speakers’ beliefs and plenty of empirical evidence shows that these beliefs

have an impact on asset prices.

Sethuraman et al. 2018 is my closest predecessor and they focus on one acoustics feature, the voice pitch.

According to psychological theory, voice pitch decreases when a speaker is more confident, so we expect a

negative impact of pitch on stock prices. Using intraday data and a structural equation model, they find

that stock prices increase when managers exude dominance in the conversation, as captured through changes

in voice pitch. While it draws a reasonable link between voice pitch and confidence, the research scope is

limited to one feature and one emotion. In contrast, I propose a classifier that is designed to implement all

types of acoustic features (prosodic, spectral, voice quality, energy, etc.).

This is the first paper, to my knowledge, to propose a sentiment classification based on phonetic variables

in financial speech. It proposes a processing pipeline capable of transforming audio communications into

sentiment scores for further analysis. Thus, it suggests the applicability of a brand new data source for

researchers in social science, including finance (e.g., IPO roadshows), economics (e.g., Federal Open Market

Committee meetings, interest rate prediction, etc.), and accounting (e.g., earnings calls).

The rest of the paper is organized as follows. In Section 2, I introduce the two components of the SETLS:

Speech Emotion Recognition and Transfer Learning. Section 3 reports an empirical analysis of stock-level

earnings calls and returns using SETLS.

2 SETLS: A Sentiment Extraction Algorithm based on Transfer

Learning and SER

2.1 Speech Emotion Recognition

2.1.1 Emotions

Before implementing the speech sentiment classification model, it is necessary to define emotion. There

is no consensus about the definition of emotion, but two models have become common in the SER system:

the discrete emotional model and the dimensional emotional model.

Discrete emotion theory is based on the six categories of basic emotions: sadness, happiness, fear, anger,
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disgust, and surprise, according to Ekman and Oster (1979). These are inborn and culturally independent

emotions. Other emotions are obtained by combining the basic ones.

Dimensional emotion theory is an alternative theory that uses a smaller number of dimensions (valence,

arousal, activation, dominance, etc.) to characterize emotions (Russell and Mehrabian, 1977). According to

this model, emotions are not independent. Instead, they are analogous to each other in a systematic way.

One of the most preferred dimensional models is a two-dimensional model that uses valence and arousal.

The valence dimension defines whether an emotion is positive or negative. The arousal dimension describes

the strength of the emotion, whether it is high or low.

In this financial setting where managers communicate information to investors about both past and

future performance, it is natural to implement the dimensional emotion model and classify utterances into

positive or negative. For example, a manager is likely to exhibit positive sentiment if the manager expects

positive future firm performance due to private information regarding current outcomes. In contrast, a

manager may express negative sentiment when possessing negative private information or experiencing a

cognitive dissonance stemming from a deceptive discussion. In this article, I first use a one-dimensional

model and classify sentiments into positive and negative. This enables us to examine the impact of positive

and negative sentiment on price movements. Later in section 3.6, I explore the impact of discrete emotions

and further explain why the dimensional emotion model is more suitable in the context of financial markets.

2.1.2 Feature Selection

Features are an important aspect of SER. An enormous amount of phonic features has been used for

SER systems, but there is no generally accepted set of features for precise and distinctive classification. In

this article, I choose the extended Geneva Minimalistic Acoustic Parameter Set (eGeMAPS) as the model

input. eGeMAPS is a basic standard acoustic parameter set. It contains 25 low-level descriptors, includ-

ing parameters from three groups: frequency (prosodic), energy (amplitude), and spectral (See detailed

description in 1). All features were selected based on two criteria.

First, they have theoretical significance (Scherer, 1986, 2003). Frequency features (pitch, jitter, formant

1,2,3 frequency and bandwidth) are variants of the fundamental frequency F0, which is created by the

vibrations in the vocal cord. Researchers show that throughout the production of high arousal emotions such

as happiness and excitement, mean F0 and F0 variants increase, while F0 contour decreases. In contrast,

in the production of low arousal emotions, such as neutral and disappointed, mean F0 and its variants

decrease, while its contour increases (Frick, 1985). Energy features (shimmer, loudness, HNR) represent

the amplitude variation of speech signals over time. Researchers suggest that high arousal emotions yield

increased energy while low arousal emotions result in decreased energy (Lin et al., 2012). Spectral features

(Alpha Ratio, Hammarberg Index, MFCC, etc.) are constructed by transforming the time domain signal

into a frequency domain signal using the Fourier transform. When sound is produced by a person, it is

filtered by the shape of the vocal tract. Characteristics of the vocal tract are represented in the frequency

domain. Therefore, the transformation from time to frequency enables spectral features to approximate the

human auditory system’s response more closely and thus result in a more accurate representation of the

sound (Scherer, 2003).

Second, they have been frequently used and proven effective in previous research. Examples include

5



Table 1: eGeMAPS features description

Group Features Description

Frequency

Pitch logarithmic F0 on a semitone frequency scale starting

at 27.5 Hz (semitone 0)

Jitter deviations in individual consecutive F0 period

lengths

Formant 1, 2, and 3 frequency centre frequency of first, second, and third formant

Formant 1, 2, and 3 bandwidth bandwidth of three formants

Amplitude

Shimmer difference of the peak amplitudes of consecutive F0

periods

Loudness estimate of perceived signal intensity from an audi-

tory spectrum

Harmonics-to-noise ratio (HNR) relation of energy in harmonic components to energy

in noise-like components

Spectral

Alpha Ratio ratio of the summed energy from 50-1000 Hz and 1-5

kHz

Hammarberg Index ratio of the strongest energy peak in the 0-2 kHz

region to the strongest peak in the 2–5 kHz region

Spectral Slope 0-500 Hz and 500-

1500 Hz

linear regression slope of the logarithmic power spec-

trum within the two given bands

Formant 1, 2, and 3 relative en-

ergy

as well as the ratio of the energy of the spectral har-

monic peak at the first, second, third formant’s cen-

tre frequency to the energy of the spectral peak at

F0

Harmonic difference H1-H2 ratio of energy of the first F0 harmonic (H1) to the

energy of the second F0 harmonic (H2)

Harmonic difference H1-A3 ratio of energy of the first F0 harmonic (H1) to the

energy of the highest harmonic in the third formant

range (A3)

MFCC 1-4 Mel-Frequency Cepstral Coefficients 1-4

Spectral flux difference of the spectra of two consecutive frames
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Frequency features (Schuller et al., 2003; Rao et al., 2013), Energy features (Li et al., 2007; Zhang, 2008),

and Spectral features (Kuchibhotla et al., 2014; Wong and Sridharan, 2001)

The features extraction implementation of eGeMAPS is publicly available with the openSMILE toolkit.

2.2 Transfer Learning

A bottleneck of studies on speech sentiment measurement is the lack of labeled corpus. Traditional

machine learning-based sentiment classifiers are characterized by training data and testing data with the

same input feature space and the same data distribution. However, the vocal features of more well-defined

corpora and this understudied earning calls audio data are different. This implies the poor predictive

performance of models trained on labeled corpora then applied to an unlabeled corpus. Transfer learning

can solve this issue. Schuller et al. (2010) implemented several normalization strategies for transfer learning

and showed results employing six standard databases in a cross-corpora evaluation experiment. Deng et al.

(2013) developed a sparse autoencoder-based feature transfer learning model and conducted an experiment

on six standard databases. Zhang et al. (2017) put forward a cross-corpus multi-task learning model and

evaluated model performance on EmoDB, eNTERFACE, VAM, and AVEC datasets. All these models have

a significant improvement in performance, but they all focus on standard datasets. In practice, naturalistic

audio corpora are more complicated and, given their prevalence in real-world applications, worth studying.

Additionally, these methods depend on labeled testing data, even though only a small amount is needed.

In the case of financial audio, there are no labels at all. Therefore, these methods cannot classify sentiment

contained in earning calls.

The SETLS model is intended to transfer the learned representations in the labeled dataset to a com-

pletely unlabeled dataset while avoiding overfitting.

2.2.1 Overall Architecture

To successfully transfer the knowledge, I hope to capture the invariant in the two datasets and minimize

the discrepancy. Therefore, the model is devised into two parts. Firstly, labeled data is used to train the

model so that it can classify data into different categories given the acoustics features (on the left). The

second part (on the right) is aimed at minimizing the distance between the two domains. The distance is

measured by the Maximum Mean Discrepancy (MMD Tzeng et al. 2014) calculated on the representations

output from the adaption layer. The losses from the two parts are combined as the final loss for optimizing

the parameters of the entire model. Figure 1 exhibits the overall architecture.

The adaptation layer on the left is intended for accurate sentiment classification of labeled samples. In

this model, I use a fully connected neural network followed by a softmax layer to compute the probabilities

of the labels for each sample.

px,c = softmax(WO(xGeMAPS) + hO) (1)

. The x is restricted to labeled data. The W,h are trainable parameters.

The adaption layer on the right has a lower dimension, since it should regularize the representation to

be invariant to the source and target domains and prevent overfitting to some unrepresentative noise in the

two domains.
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Figure 1: Model framework.

φ(x) = AdaptionLayer(xGeMAPS) (2)

The x could be either an source sample or a target sample.

For this 2-category classification, I use the cross entropy function to calculate the classification loss.

Specifically, I calculate a separate loss for each class per observation and sum the loss:

LC(XL, y) = −
∑

x∈XL

|C|∑

c=1

yx,c log(px,c) (3)

, where px,c is the predicted probability that the observation x has the label c.

For the domain loss, I use the maximum mean discrepancy to measure the distance between the source

dataset and the target dataset, which could be expressed as the following equation.

MMD(XS , XT ) = || 1

|XS |
∑

xs∈XS

φ(xs)− 1

|XT |
∑

xt∈XT

φ(xt)|| (4)

In this model, the representation φ(·) is obtained by passing the features through adaption layer.

2.2.2 Source Domain

For the source domain, I select the Speech Under Simulated and Actual Stress (SUSAS Hansen et al.

1997) database, which is widely used for speech emotion recognition. SUSAS contains recordings of 32

speakers over five domains, including acted, elicited, and natural speech. Utterances in acted speech are

recorded by professional actors in sound-proof studios. Elicited speeches are created by placing speakers

in a simulated emotional situation. Natural speeches are obtained from real-world situations. I choose the

8



recordings from actual speech to minimize the difference between source and target corpus. Each utterance

was annotated using five categories: high stress, medium stress, screaming, fear, and neutral. To obtain

a dimensional sentiment classification, I map the emotions for two binary classification tasks: arousal and

valence, following the general process of studies on this corpus (Schuller et al., 2010). Low arousal sentiment

is neutral. High arousal sentiments are high stress, medium stress, screaming, and fear. Negative valence

sentiments are high stress, screaming, and fear. Positive valence sentiments are medium stress and neutral.

A total of 16,000 utterances are used.

With regards to the discrete emotional model, I use the Ryerson Audio-Visual Database of Emotional

Speech and Song (RAVDESS Livingstone and Russo 2018) as the source database. This is an English

language emotion dataset that is widely used for emotional song and speech recognition. The dataset

consists of 24 actors (12 male and 12 female) to record eight different emotions: anger, calm, happy, sad,

surprise, disgust, neutral and fearful. A total of 7,356 utterances are utilized for training.

3 Empirical Analysis

3.1 Data and Pre-processing

For empirical analysis, I use a sample of 571 firms’ quarterly earning conferences collected by Qin and

Yang (2019). It contains 89,843 unique utterances from January 17, 2017 to December 21, 2017, covering 279

separate SP 500 firms appearing an average of 2.05 times. With a maximum (minimum) of 4(1) observations

per firm and a standard deviation of 0.97, no single firm comprises more than 0.70 % of the sample. Figure

2 plots the average number of earning calls per day over a year. It shows the quarterly earnings season

effects around February, May, August, and November.

Using the company name, day, and permno, I match each call with the firm’s market capitalization,

book-to-market ratio, and open-to-open return from CRSP and Compustat.

Figure 2: Average Audio Counts
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To gauge the investor response to nonverbal emotion cues, I calculate cumulative abnormal returns

(CARs) during a one-day initial reaction window and check the correctness of the response using a subse-

quent five-day period. To investigate the long-term impact, I use a subsequent 180-day period to calculate

CAR(2,180), which approximately measures the return movement between two earnings disclosure. Besides,

since the first day is not tradable, investors are also interested in the cumulative returns on the second day

captured by CAR(1,2). CAR(0,1) is calculated as the difference between each firm’s daily return and the re-

turn on the SP 500 index and then summed from the day of the conference call (trading-day t=0) to one day

after (trading day t=1). I further check alternative windows using CAR(1,2), CAR(2,5), and CAR(2,180),

where the specific trading-day ranges are indicated within the parentheses.

Figure 3 describes the earning conference timeline and the trading activities. There is not any strict

standard on when a company holds the earning conference. Some companies choose to report before the

market opens, while others report after standard market hours. Therefore, I use the open-to-open returns

to capture the price movement. For earning calls that occur on day 0, I build positions at the market

opening on day 1, and rebalance at the next market opening, holding the positions of the portfolio within

the day. This portfolio is defined as a day +1 portfolio. Similarly, I can define day 0, day -1, etc. In section

3.4, I build positions according to the exact timing of earning calls and discuss the returns of intraday and

overnight portfolios.

Figure 3: Event Timeline

Size is the log of market capitalization 20 trading days prior to the conference call. BM is the ratio

of book equity to market equity at the end of the previous quarter. Following Fama & French, these two

factors were employed as the control variables.

I estimate the sentiment scores via SETLS using the SUSAS corpus as the source domain and the earning

calls corpus as the target domain. For each sentence, I generate a 25-dimension audio vector to represent

vocal features. Then I train the model and predict the positive or negative sentiment for each sentence.

Eventually, the maximum likelihood estimator is used to obtain sentiment scores at a document level.

Table 2 provides the descriptive statistics and unconditional correlation for the Sentiment Scores. The

unconditional correlations in Table 2 suggest that investors initially react positively to executive emotion

(coefficient of 0.13 and 0.08). In the following days, the relation slightly reverses with a coefficient of -0.04.
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Table 2: Summary Statistics

Statistic N Mean St. Dev. Min Max Sentiment Correlation

Sentiment Scores 536 0.694 0.128 0.180 1.000 1.000

CAR(0,1) 536 −0.001 0.038 −0.206 0.280 0.130

CAR(1,2) 536 −0.001 0.038 −0.225 0.155 0.077

CAR(2,5) 536 −0.002 0.026 −0.151 0.166 −0.036

CAR(2,180) 536 −0.015 0.186 −0.835 1.489 0.041

LNME 536 10.139 1.188 1.818 13.264 0.007

BM 536 0.291 0.280 −0.228 2.208 −0.076

3.2 Impact on returns

To investigate the impact of speech sentiments on returns, I sort firms into 5 portfolios based on the

sentiment scores and examine portfolio-level risk and returns. The top 20% of firms with the highest

sentiment scores are divided into group 5, and the bottom 20% of firms with the lowest sentiment scores are

divided into group 1. Each group in the middle is the stocks in descending order by 20%. I then document

the statistics of stock performance in each group. Finally, I construct long-short portfolios by longing the

top group and shorting the bottom group. With reference to investment research, I use both equal-weighted

averaging strategy and value-weighted strategy (weighted by the log of market value). Equal-weighted is a

simple and robust means of assessing the predictive power of sentiment. Value-weighted gives more weight

to firms with large market capitalization.

Table 3 Panel A indicates that initial returns monotonically increase from the bottom group (-1.02%) to

the top group (0.27%). Both the equal-weighted and value-weighted long-short portfolios have significantly

positive returns (1.30%, 1.19%) with t-statistics higher than 2. Panel B demonstrates that the portfo-

lio returns during the subsequent period continue to increase moving from negative (-0.42%) to positive

sentiment(0.33%), though the coefficients are less significant than the previous day. The long-short differ-

ence is 0.75% for equal-weighted and value-weighted portfolios. After the first two days, Panel C illustrates

that the speech sentiment has hardly any impact on returns. In the long run, Panel D suggests that the

returns movement triggered by executive sentiment diminishes. As the sentiment scores increase, neither

the average return nor the unit risk-return rate shows monotonicity. The T statistics of the long-short

portfolio are 0.521 and 0.43, which fail the test. Mayew and Venkatachalam (2012) finds that negative

affect is related to cumulative abnormal returns over the subsequent 180 trading days following the earnings

conference call using data in 2007. In Price et al. (2017) as well as this study, no long-term effect is found,

suggesting a higher market efficiency.
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Table 3: Group Statistics: Speech Sentiment

Panel A: CAR(0,1)

Portfolios Sorted on Sentiment Scores Equal Value

1 2 3 4 5 5 minus 1 5 minus 1

Excess Return -1.02% -0.35% -0.15% 0.08% 0.27% 1.30% 1.19%

Standard Deviation 4.27% 3.05% 3.40% 2.68% 3.59% 5.70% 5.63%

Sharpe Ratio -0.24 -0.11 -0.04 0.03 0.08 0.23 0.21

TSTAT -2.37 -1.14 -0.43 0.30 0.76 2.26 2.10

PVALUE 0.02 0.26 0.67 0.76 0.45 0.03 0.04

Amount of Factor 0.48 0.69 0.73 0.76 0.81

Panel B: CAR(1,2)

Portfolios Sorted on Sentiment Scores Equal Value

1 2 3 4 5 5 minus 1 5 minus 1

Excess Return -0.42% -0.14% -0.10% 0.05% 0.33% 0.75% 0.75%

Standard Deviation 4.16% 3.10% 2.76% 4.10% 4.01% 5.82% 5.79%

Sharpe Ratio -0.10 -0.05 -0.04 0.01 0.08 0.13 0.13

TSTAT -1.00 -0.45 -0.37 0.12 0.81 1.27 1.29

PVALUE 0.32 0.65 0.71 0.91 0.42 0.21 0.20

Amount of Factor 0.48 0.69 0.73 0.76 0.81

Panel C: CAR(2,5)

Portfolios Sorted on Sentiment Scores Equal Value

1 2 3 4 5 5 minus 1 5 minus 1

Excess Return -0.16% -0.32% -0.24% -0.37% -0.01% 0.15% 0.24%

Standard Deviation 2.93% 2.12% 2.42% 2.74% 2.90% 4.00% 3.94%

Sharpe Ratio -0.05 -0.15 -0.10 -0.14 0.00 0.04 0.06

TSTAT -0.55 -1.50 -0.97 -1.34 -0.03 0.38 0.61

PVALUE 0.59 0.14 0.33 0.18 0.98 0.70 0.54

Amount of Factor 0.48 0.69 0.73 0.76 0.81

Panel D: CAR(2,180)

Portfolios Sorted on Sentiment Scores Equal Value

1 2 3 4 5 5 minus 1 5 minus 1

Excess Return -2.16% -4.17% -2.71% 1.83% -0.59% 1.56% 1.24%

Standard Deviation 16.36% 17.75% 17.52% 14.77% 23.15% 29.74% 28.62%

Sharpe Ratio -0.13 -0.23 -0.15 0.12 -0.03 0.05 0.04

TSTAT -1.30 -2.33 -1.53 1.23 -0.25 0.52 0.43

PVALUE 0.20 0.02 0.13 0.22 0.80 0.60 0.67

Amount of Factor 0.48 0.69 0.73 0.76 0.81
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To verify the univariate inferences with a greater sense of confidence, I utilize all the observations

instead of only the top and bottom 20%, and regress CAR(0,1), CAR(1,2), CAR(2,5) and CAR(2,180) on

the sentiment scores individually. Table 4 reports the results. The first two columns demonstrate that

the coefficients for sentiment scores are significantly positive (0.038 and 0.023) during the initial reaction

window. The third column shows a mean revert tendency thereafter, though not significant. And the last

column shows an insignificant impact in the long run.

Table 4: CARs Regression on Sentiment Scores

Dependent variable:

CAR(0,1) CAR(1,2) CAR(2,5) CAR(2,180)

(1) (2) (3) (4)

Sentiment Scores 0.038∗∗∗ 0.023∗ −0.007 0.060

(0.013) (0.013) (0.009) (0.063)

Constant −0.027∗∗∗ −0.017∗ 0.003 −0.056

(0.009) (0.009) (0.006) (0.044)

Observations 536 536 536 536

R2 0.017 0.006 0.001 0.002

Adjusted R2 0.015 0.004 −0.001 −0.0002

Residual Std. Error (df = 534) 0.037 0.038 0.026 0.186

F Statistic (df = 1; 534) 9.260∗∗∗ 3.182∗ 0.703 0.903

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

To further investigate the observed relationship in the presence of other factors known to affect stock

returns, I regress CAR(0,1) on two control variables, size and value factors. Table 5 shows that controlling

size and value factors, the coefficients of the sentiment scores are still significantly positive. The factor

loadings on size are negative, suggesting the potentially small size effect. In contrast, the loadings on the

book-to-market ratio are positive, which is consistent with the value effect. Both of them are not significant.

I will analyze the stock heterogeneity in section 3.5.

Next, I analyze trading strategies that trade in response to speech sentiment with various time delays.

These strategies long the top one-third with the most positive sentiment scores and short the bottom one-

third with the most negative sentiment scores (Equal-weighted). I focus on one-day open-to-open returns

initiated anywhere from one to 10 days following the disclosure. Figure 4 visualizes the average returns in

percentage per day with shaded 95% confidence intervals. It shows the long-short portfolio as well as the

long and short sides separately. The earning calls take place at time t=0. The return of time t=1 is the

change from the event day’s open price to the next day’s open price. As I defined in section 3.1, this is the

day 0 return. Table 6 reports average returns in the first three days.
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Table 5: CARs Regression on Sentiment Scores and Controls

Dependent variable:

CAR(0,1)

(1) (2) (3)

Sentiment Scores 0.038∗∗∗ 0.040∗∗∗ 0.040∗∗∗

(0.013) (0.013) (0.013)

LNME −0.001 −0.0003

(0.001) (0.001)

BM 0.008 0.008

(0.006) (0.006)

Constant −0.020 −0.031∗∗∗ −0.028

(0.016) (0.009) (0.017)

Observations 536 536 536

R2 0.018 0.021 0.021

Adjusted R2 0.014 0.017 0.015

Residual Std. Error 0.037 (df = 533) 0.037 (df = 533) 0.037 (df = 532)

F Statistic 4.784∗∗∗ (df = 2; 533) 5.689∗∗∗ (df = 2; 533) 3.799∗∗ (df = 3; 532)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Figure 4: 1D Holding Period Return
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Table 6: Performance of Daily Speech Sentiment Portfolios

Day 0 Day 1 Day 2

L S LS L S LS L S LS

Average Return 0.81% 0.66% 1.46% 0.51% 0.60% 1.08% -0.07% -0.04% -0.13%

Standard Deviation 4.19% 3.90% 5.76% 4.20% 3.96% 5.70% 2.24% 2.44% 3.11%

Sharpe Ratio 0.19 0.17 0.25 0.12 0.15 0.19 -0.03 -0.02 -0.04

TSTAT 2.63 2.21 3.30 1.62 1.96 2.46 -0.41 -0.22 -0.55

PVALUE 0.01 0.03 0.00 0.11 0.05 0.01 0.68 0.83 0.58

This figure demonstrates the speed of information assimilation. On the third day, one-day holding

period returns of the three portfolios become zero, which means that the speech sentiment information is

completely incorporated into prices within 3 days.

During the report day, the long side increases by 0.81 % and the short side decreases by 0.66%. Therefore,

the long-short portfolio generates a return of 1.46 %. The t-statistics for the three portfolios are all highly

significant. Though the return of day 0 strategy is appealing, this is not an implementable strategy because

the timing of earning conference would not generally allow a trader to take a position and exploit the return

at time t=1. In practice, what investors can do is to build a long-short portfolio at the market open of

the day after the earning conferences. That is the day 1 strategy. Though less profitable than the day 0

strategy, this one can earn a return of 0.51% from the long side and 0.60% from the short side, which implies

a total return of 1.08% for the long-short portfolio, and the returns are significant. On the third day, the

speech sentiment information is entirely reflected in the prices so none of the three strategies could generate

significant returns thereafter.

3.3 Textual Sentiment versus Speech Sentiment

In this section, I utilize the most commonly studied unstructured data, earning calls transcripts, to verify

whether speech contained additional sentiment information other than the text.

To begin with, I use the transcripts of the earning calls collected by Qin and Yang (2019) and the

FinBERT model proposed by Araci (2019) to extract the sentiment of each sentence. Then the penalized

maximum likelihood estimation (Ke et al., 2020) is conducted to aggregate terms into an article-level score.

Table 7 reports the outcomes of regression on speech and text sentiment and controlled variables. Con-

trolling the size and value factors, the coefficients of both speech and text sentiments are significantly

positive. The R-squared of the third column is 0.029, which is greater than the first two columns (0.021

and 0.009). This indicates that the combination of speech and text sentiments has incremental explanatory

power for the post-earnings-announcement drift.

Then, I form the 9 speech-text sentiment stock portfolios following Fama and French (1993). First of

all, I allocate stocks into three speech sentiment quantiles and three text sentiment quantiles. Then the 9

speech-text sentiment portfolios are formed as the intersection.

Table 8 shows that the 9 stock portfolios produce a wide range of average excess returns from -1.41%
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Table 7: Regression on Speech and Text Sentiment Scores

Dependent variable:

CAR01

(1) (2) (3)

speech 0.040∗∗∗ 0.042∗∗∗

(0.013) (0.013)

text 0.045∗ 0.050∗∗

(0.024) (0.023)

LNME −0.0003 −0.0004 −0.0003

(0.001) (0.001) (0.001)

BM 0.008 0.008 0.010∗

(0.006) (0.006) (0.006)

Constant −0.028 −0.029 −0.063∗∗∗

(0.017) (0.022) (0.024)

Observations 536 536 536

R2 0.021 0.009 0.029

Adjusted R2 0.015 0.004 0.022

Residual Std. Error 0.037 (df = 532) 0.038 (df = 532) 0.037 (df = 531)

F Statistic 3.799∗∗ (df = 3; 532) 1.699 (df = 3; 532) 4.023∗∗∗ (df = 4; 531)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 8: Excess returns on 9 stock portfolios formed on speech and text sentiment

Speech quantiles

Text Negative Medium Positive Negative Medium Positive

quantile Means Standard deviations

Negative -1.41%∗∗∗ -0.12% 0.67% 3.05% 3.39% 4.79%

Medium -0.86% -0.24% 0.39% 4.37% 2.69% 3.75%

Positive -0.11% -0.32% 0.96%∗ 4.05% 2.62% 4.38%

t-statistics for means p-values for means

Negative -3.24 -0.30 1.04 0.00 0.77 0.30

Medium -1.47 -0.72 0.83 0.15 0.47 0.41

Positive -0.21 -0.91 1.71 0.83 0.37 0.09
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to 0.96%. The portfolios also confirm that there is a positive relation between speech/text sentiment and

average return. The relation between average return and speech sentiment scores is more consistent. In

every text quantile, average returns tend to increase from the negative- to the positive-speech sentiment

portfolios. The portfolio with positive speech and text sentiment has the highest average return, while the

portfolio with negative speech and text sentiment has the lowest average return. Therefore, I compare three

groups of strategies: pure speech, pure text, and the combination of speech and text. I report the long

and short sides separately, as well as the overall long-short strategy performance. Since Day 0 strategy is

significant but not tradable, I also report the Day 1 strategy.

Three basic facts emerge from the one-day holding period return of pure text, pure speech and text &

speech strategies demonstrated in Figure 5, 6, 7, and Table 9, 10, 11.

Firstly, the combined strategy performs better than the text strategy and the speech strategy. On Day

0, the Sharpe Ratio of the combined strategy reaches 0.38, which is 172 % greater than the speech strategy

and 475 % greater than the text strategy. On Day 1, the Sharpe Ratio of the combined strategy is 0.30,

which is twice as large as the speech and the text strategy. This finding is supported by the communication

theory. In face-to-face communication, only a small fraction of the message regarding the emotional state

is conveyed by the verbal content according to Mehrabian et al. (1971). A remarkable component of the

message is contained in vocal attributes such as volume, accent, speed, and intonation. Consequently, the

speech sentiment extracted based on acoustic features add up to the informativeness of communication and

this incremental information gives rise to greater predictability for returns.

Apart from that, Figure 5 and Table 9 both demonstrate that the impact of text sentiment is more

significant during the second day after the report day than during the report day. This is consistent with

early studies about delayed response. Bernard and Thomas (1989) argue that the market fails to immediately

incorporate the information in the earnings textual signal. Abarbanell and Bernard (1992) indicate that the

delayed drift may be rooted in the failure of market participants to fully understand the information content

of current earnings. Such information includes both the numerical value of the earnings and statements

that accompany the earnings announcement. These statements add to the difficulty to understand firm

performance and thus lead to the delay in price responses. While the sentiment information in the text is

impounded into prices with a delay while the impact of speech sentiment is synchronous and timely.

Besides, Figure 6 shows that speech sentiment information is essentially fully incorporated into prices by

the start of Day +3. While Figure 5 illustrates that the text sentiment takes one extra day and achieves full

price incorporation by the start of Day +4. How exactly the brain extracts the sentiment of textual words

and speech utterances and the relative speed to deal with two signals are largely unknown to researchers

in cognitive science. The evidence here suggests that investors and the market take less time to process

speech sentiment than text sentiment. Meanwhile, it shows that SETLS is able to identify more complex

speech sentiment information contained in the earning calls that investors cannot fully act on using the

text information within the first day of trading. Thus, the trading strategy based on speech sentiment is

profitable.
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Figure 5: Price Responses of Portfolios Formed on Text Sentiment

Figure 6: Price Responses of Portfolios Formed on Speech Sentiment

Figure 7: Price Responses of Portfolios Formed on Speech and Text Sentiment
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Table 9: Price Responses of Portfolios Formed on Text Sentiment

Day 0 Day 1

L S LS L S LS

Excess Return 0.19% 0.23% 0.41% 0.10% 0.57%∗∗ 0.74%∗

Standard Deviation 3.81% 3.87% 5.41% 3.77% 3.51% 5.34%

Sharpe Ratio 0.05 0.06 0.08 0.03 0.16 0.14

TSTAT 0.66 0.80 0.99 0.36 2.13 1.82

PVALUE 0.51 0.43 0.32 0.72 0.03 0.07

Table 10: Price Responses of Portfolios Formed on Speech Sentiment

Day 0 Day 1

L S LS L S LS

Excess Return 0.67%∗∗ 0.74%∗∗ 1.19%∗∗∗ 0.40% 0.60%∗∗ 0.84%∗

Standard Deviation 4.29% 3.91% 5.32% 4.15% 3.87% 5.71%

Sharpe Ratio 0.16 0.19 0.22 0.10 0.15 0.15

TSTAT 2.09 2.45 2.88 1.29 2.00 1.91

PVALUE 0.04 0.02 0.00 0.20 0.05 0.06

Table 11: Price Responses of Portfolios Formed on Speech and Text Sentiment

Day 0 Day 1

L S LS L S LS

Excess Return 0.96%∗ 1.41%∗∗∗ 1.83%∗∗∗ 1.22%∗∗ 0.85% 1.76%∗∗

Standard Deviation 4.38% 3.05% 4.79% 3.94% 4.01% 5.94%

Sharpe Ratio 0.22 0.46 0.38 0.31 0.21 0.30

TSTAT 1.71 3.24 2.67 2.42 1.47 2.07

PVALUE 0.09 0.00 0.01 0.02 0.15 0.04
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3.4 Overnight Strategy versus Intraday Strategy

Since the market response to speech sentiment is at a high speed, the open-to-open strategy is delayed

and can miss the best timing. For reports that happen before the market open of Day 0, if investors build

the position at the open of Day 1, the impact of speech sentiment might be already incorporated into prices

and therefore the strategy performance is degraded. Hence in this section, I will discuss the overnight and

intraday strategies and whether they are more profitable than the open-to-open strategy.

Figure 8: Average Number of Earning Conference by Clock Time

Figure 8 demonstrates the intraday distribution of earning conferences. To begin with, I divide all

earning calls audio records into three groups: before the market opens, during the trading hours, and after

the market close. Normally, an earning call lasts for one hour. Consequently, calls that happen before 8:30

ET are classified as the ‘before’ group (158 observations), calls that happen from 8:30 EST to 15:00 ET are

defined as the ‘intragroup (245 observations), and the rest belongs to the ‘after’ group (163 observations).

For each group, I compare three strategies: overnight, intraday, and holding for an entire day. For ‘before’

group (Figure 9), the three holding periods are Day 0 open to Day 1 open (entire day), Day 0 open to Day 0

close (intraday), and Day 0 close to Day 1 open (overnight). For ‘intragroup (Figure 10), the three holding

periods are Day 0 close to Day 1 close (entire day), Day 0 close to Day 1 open (overnight), and Day 1 open

to Day 1 close (intraday). For the ‘after’ group (Figure 11), the three holding periods are Day 1 open to

Day 2 open (entire day), Day 1 open to Day 1 close (intraday), and Day 1 close to Day 2 open (overnight).

Table 12, 13, and 14 report the strategy performance of each holding period.

Recall that Table 10 shows that the highest Sharpe Ratio of the Day 0 strategy (infeasible) is 0.22 and of

Day 1 strategy (feasible) is 0.15, refining the holding periods remarkably improves the returns and Sharpe

Ratios. For calls that occur before 8:30 (Table 12), longing the most positive stocks at the market open and

rebalancing at the market close generates an excess return of 70 basis points and a Sharpe Ratio of 0.24,

which is higher than the Day 0 and Day 1 strategies. Holding the position from open to open can obtain a

74 bp return and 0.26 Sharpe Ratio for the long portfolio and a 108 bp return and 0.25 Sharpe Ratio for
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the long-short portfolio, significantly exceeding the 0.15 Sharpe Ratio of the Day 1 strategy. The portfolios

that build at the market close still achieve positive payoff but are less significant, which shows that the

market is incorporating speech sentiment information into prices and the arbitrage gap is narrowing.

Figure 9: Earning Conference Timeline (before 8:30)

Table 12: Earning Conference before 8:30

Day 0 open to Day 1 open Day 0 open to Day 0 close Day 0 close to Day 1 open

L S LS L S LS L S LS

Excess Return 0.74% ∗ 0.42% 1.08% ∗ 0.70% 0.25% 0.87% 0.00% 0.12% 0.22%

Standard Deviation 2.89% 3.11% 4.34% 2.96% 2.76% 4.14% 0.88% 0.86% 1.18%

Sharpe Ratio 0.26 0.13 0.25 0.24 0.09 0.21 0.10 0.14 0.19

TSTAT 1.79 0.97 1.74 1.65 0.67 1.47 0.70 1.01 1.30

PVALUE 0.08 0.34 0.09 0.11 0.51 0.15 0.49 0.32 0.20

For earning conferences that take place between the market open and market close (Table 13), holding

the position from close to close is less profitable than holding it overnight for the long-only and long-short

portfolios. The long-short portfolio earns a Sharpe Ratio of 0.17 overnight, exceeding the feasible Sharpe

Ratio of the Day 1 strategy. If investors build the position at the next market open and hold it within the

next day, the excess return for both long-only and long-short portfolios becomes negative. This is due in

part to the fact that investors tend to overreact to speech sentiment when it first came out, and the prices

mean-revert during the next day.

Figure 10: Earning Conference Timeline (during 9:00 to 15:00)
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Table 13: Earning Conference during 9:00 to 15:00

Day 0 close to Day 1 close Day 0 close to Day 1 open Day 1 open to Day 1 close

L S LS L S LS L S LS

Excess Return 0.00% 0.34% 0.23% 0.00% 0.25% 0.31% -0.12% 0.00% -0.10%

Standard Deviation 1.40% 2.04% 2.57% 0.51% 1.65% 1.81% 1.36% 1.82% 2.24%

Sharpe Ratio -0.06 0.16 0.09 0.11 0.15 0.17 -0.09 0.03 -0.04

TSTAT -0.50 1.44 0.79 0.95 1.33 1.49 -0.80 0.25 -0.38

PVALUE 0.62 0.16 0.43 0.34 0.19 0.14 0.43 0.80 0.70

For earning conferences that take place after the market close (Table 14), strategies that hold the position

from open to open underperform the intraday strategies. Both the short-only and long-short portfolios of

the intraday strategy gain a Sharpe Ratio that exceeds the infeasible Day 0 strategy. Besides, the portfolios

that are built at the close of the next day and held overnight generate negative excess returns, suggesting

that the speech sentiment information is fully incorporated during the trading day right after the earning

conference is held and the prices exhibit a reversal tendency thereafter.

Figure 11: Earning Conference Timeline (after 15:30)

Table 14: Earning Conference after 15:30

Day 1 open to Day 2 open Day 1 open to Day 1 close Day 1 close to Day 2 open

L S LS L S LS L S LS

Excess Return 0.18% 0.68% 0.83% 0.39% 0.75% 1.11% ∗ -0.14% -0.13% -0.28% ∗∗

Standard Deviation 3.43% 3.39% 4.30% 3.58% 3.42% 4.64% 0.72% 0.88% 1.00%

Sharpe Ratio 0.05 0.20 0.19 0.11 0.22 0.24 -0.20 -0.15 -0.28

TSTAT 0.39 1.45 1.41 0.80 1.59 1.74 -1.47 -1.10 -2.04

PVALUE 0.70 0.15 0.17 0.43 0.12 0.09 0.15 0.28 0.05
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3.5 Stock Heterogeneity Analysis

In this section, I further investigate differences in sentiment sensitivity and price assimilation with respect

to heterogeneity among stocks, in particular the market capitalization.

Previous studies argue that larger firms are less likely to exhibit strong sensitivity to stock price shocks

(Chen et al., 2007). Additionally, the speed of price assimilation is likely to be higher for small firms than

for large firms. Merton et al. (1987) and Grossman and Miller (1988) show that arbitrage capacity may

be less in small-capitalization stocks, and if there are shocks, this could lead to a greater tendency toward

reversals.

I form the 9 sentiment-size stock portfolios following Fama and French (1993). Table 15 reports the

descriptive statistics. The 9 stock portfolios formed on size and sentiment produce a wide range of average

excess returns from -1.13% to 1.64%. In small and medium-sized portfolios, average returns tend to increase

with sentiment scores. In large-size portfolios, the return difference between positive and negative sentiment

is trivial. Meanwhile, the standard deviations for small-size firms are greater than large-size firms. These

risk-return patterns suggest that speech sentiment has a larger impact on small firms than on large firms.

Table 15: Excess returns on 9 stock portfolios formed on sentiment scores and size

Sentiment Scores quantiles

Size Negative Medium Positive Negative Medium Positive

quantile Means Standard deviations

Small -1.13% -0.59% 1.64% 4.60% 4.25% 5.76%

Medium -0.72% 0.07% 0.67% 3.50% 2.19% 3.82%

Big -0.37% -0.13% -0.29% 3.62% 1.73% 2.46%

t-statistics for means p-values for means

Small -1.81 -1.12 2.21 0.08 0.27 0.03

Medium -1.58 0.25 1.33 0.12 0.81 0.19

Big -0.76 -0.60 -0.91 0.45 0.55 0.36

In Figure 12 visualize the differences in price adjustment based on firm size. Prices of large stocks

respond by 10 basis points on the first day after the earning calls, while the price response of small stocks

reaches 280 bp on the first day, almost 28 times larger. The price response of small firms is complete after

two days (the day three effect is insignificantly different from zero), while large firms take four days to fully

incorporate the speech sentiment. These empirical results are consistent with previous research that small

firms are more sensitive and exhibit a greater tendency toward reversals.

3.6 Dimensional Sentiment versus Discrete Sentiment

In previous sections, I employ the one-dimensional emotion theory to classify sentiments according to

the valence into two categories: positive ad negative. In this section, I apply the discrete emotion theory
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Figure 12: Speed of News Assimilation (Big Versus Small Stocks)

that divides sentiments into six basic categories: sadness, happiness, fear, anger, disgust, and surprise. To

train the SETLS, I use the Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS

Livingstone and Russo 2018) as the source database and extract the discrete sentiment for each utterance

with the SETLS model. To aggregate utterance level sentiment into the document level scores, I compute

the frequency of each sentiment as the final score for each document. In the 89,843 utterances sample,

71,085 utterances are neutral, 17,821 are happy, 553 are disgust, 257 are fearful, 62 are surprised, 51 are

angry and 14 are sad.

Table 16 reports the correlation between the sentiment scores and Day 0/1 open-to-open returns, the

corresponding P-value, and the long-short SR for each emotion. It shows that positive emotions (happy

and surprised) tend to have positive correlations and Sharpe Ratios on the first day, and negative emotions

(sad, disgust, fearful, and angry) tend to have negative or almost zero correlation with the Day 0 return

and negative Sharpe Ratios. The top performer ‘happy’ has a feasible Sharpe Ratio of 0.86, and ‘angry’ has

a feasible Sharpe Ratio of -0.55.

Most of the results are insignificant. This is due partly to the fact that the observations of each sentiment

are imbalanced. Approximately 80% of the sample utterances are ‘neutral’ and merely 0.02 % are classified

as ‘sad’. While it is natural that most of the time the executives’ sentiments during the earning calls are

neutral, this highly skewed class proportion of data makes it less reasonable to construct any trading strategy

based on discrete emotions. A further potential explanation is that these discrete categories of emotions are

not able to define some of the complex emotional states observed in earning calls communication, such as

the ‘nervous’ or ‘stressful’ led by the deceptive discussions. Though in daily life, this model is intuitive to

be used, in this financial scenario, the dimensional emotion model that classifies emotions into positive or

negative is more practical. For instance, some of the emotions should be viewed as identical, such as fear

and anger, and come emotions like surprise cannot convey effective information to investors since surprise

emotion may have positive or negative valence depending on the context.
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Table 16: Discrete Sentiment Performance

Day 0 Day 1

Corr LS Corr LS

Mean Pvalue SR Pvalue Mean Pvalue SR Pvalue

Happy 0.31 0.00∗∗∗ 0.78 0.21 0.03 0.53 0.86 0.18

Surprised 0.03 0.53 0.16 0.46 -0.05 0.26 -0.43 0.05∗∗

Sad 0.01 0.85 0.10 0.18 0.00 0.91 0.02 0.78

Disgust -0.01 0.77 -0.04 0.70 -0.02 0.68 -0.06 0.56

Fearful 0.00 0.97 -0.10 0.44 0.00 0.99 0.01 0.93

Angry 0.01 0.90 -0.16 0.46 -0.02 0.68 -0.55 0.02∗∗

4 Conclusion

This study proposes and analyzes a new framework, SETLS, for the extraction of sentiment information

from speech audio records via transfer learning. Compared to the common scoring approach in the finance

literature that relies on the usage of the vocal emotion analysis software, this approach delivers customized

sentiment scores for individual research applications with the transparency of architecture and the flexibility

in feature and source domain selection. For instance, research on deceptive discussion during the financial

disclosure could focus on the Teagor Energy Operator features proposed by Zhou et al. (2001) that are

designed in particular to measure stress levels and cognitive dissonance. Research using earning conferences

in other languages or focusing on particular emotions can apply specific source corpora.

To demonstrate the usefulness of SETLS, I analyze the speech sentiment of 571 earning conferences

on the practical problem of portfolio construction. The resulting speech sentiment scores are powerful

predictors for price responses. To quantify the impact of speech sentiment on price movement, I construct

simple trading strategies and evaluate the performance in various windows following the report day. In

order to check if the nonverbal cues contain additional information other than the content, I compare the

performance of strategies based on speech and text sentiment and find that the combination of two signals

outperforms any of them. I also demonstrate how this framework can be used to investigate the process of

price formation and how it can be adjusted to analyze other emotions using different source datasets.
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