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Abstract

Purpose : Return on assets (ROA) is one of the most important financial parameters used for multi-level analysis. The investment
in assets also depends on the future perspective of the management, which is reflected in the chairperson’s message in the
annual reports. Thus, the chairperson’s message is likely to indicate future investments in assets and expected returns from such
assets. The message is important for the investors as this is one of the major sources of qualitative information about the
business strategy. However, the information the business managers share may include selective information from a strategic
perspective. Are there any tendencies in the language used in the message by the chairpersons as well as the accompanying
sentiments? How does a company’s overall perception evolve? How has the worldwide epidemic influenced chairpersons’
messages?

Design/Methodology/Approach : The study investigated these questions using the information from the annual reports of the top
50 companies (NIFTY 50) listed in the National Stock Exchange of India. The methodology of this study is mostly grounded on text
mining, text analytics, and regression analysis.

Findings : The negative tones in the chairperson’s speech did not show much significance for the future performance of NIFTY50
companies. However, the positive sentiments did have an impact and were significantly associated with the ROA of the
companies.

Practical Implications : The paper would add value to the academicians, researchers in the area of NLP and text analytics, and the
investors’ community who access the annual reports for making investment decisions.

Originality : The use of text analytics to understand sentiments and apply them to elicit a deeper understanding of the company’s
strategy is a novel attempt.
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he Companies Act, 2013 mandates certain disclosures for listed companies such as financial performance,

state of company's affairs, dividends, subsidiary details, loans and investments, change in nature of

business, change in share capital, board composition, statutory auditors' remarks, consolidated financial
statements, and directors' responsibility. The disclosures in the directors' report are mandated for greater
transparency in corporate governance. This is useful for shareholders to access unbiased information about the
business. Apart from the above disclosures, companies publish the chairman's letter to the shareholders which
includes the strategic discussions from the head of the organization.

It is perceived that the chairman's message to shareholders includes information about the prospects of the
business in an unbiased manner. However, the unbiasedness of the disclosed texts is examined by researchers from
various perspectives. It is observed that CEOs attempt to influence readers through different rhetoric and projecta
positive corporate image in company annual reports (Kar & Das, 2022; Merkl-Davies & Koller, 2012; Smith &
Taffler, 1992). Moreover, the amount of textual material may not provide transparency. Furthermore, from a
reader's standpoint, assimilation of information while comparing year-on-year statistics across numerous papers
becomes extremely hard and vulnerable to prejudice. With a large volume of qualitative messages, it is crucial to
uncover the hidden insights within the text and see how they align with quantitative data from a forward-looking
perspective. This approach enables capital market participants to enhance their understanding, leading to more
informed decision-making.

Research Gap

The chairman's message to the shareholders and its correlation to firm performance has not been sufficiently
discussed in the literature. One of the major reasons for inadequate research on the area is perhaps due to the
unstructured data type of the verbal information contained in the chairman's report. The issue here is deriving the
objective information from unstructured data and bringing an analogy between the same with the structured data
in the form of numbers from the financial performance figures of the company. Ha et al. (2019), Ittoo et al. (2016),
Jun and Park (2017), Kim et al. (2018), Lacity and Janson (1994), McLellan et al. (2003), Pineda-Jaramillo and
Pineda-Jaramillo (2022), Singh and Kalra (2024), Thomas (2014), and Trombeta and Cox (2022) have established
various frameworks to develop a computational analysis of textual information in the last decades. Among all the
methods to analyze unstructured data, text mining has been used more predominantly for computational text
analysis.

Research Aim and Contribution

The present study is focused on deriving the sentiments in the chairman's speech using the financial lexicon and
text mining method. The sentiments are further compared with the financial performance of the respective
companies under the NIFTY50 index (Indian index comprising 50 companies under the National Stock
Exchange). The research will significantly contribute to the investors' and shareholders' community in the capital
markets domain to decipher the large volume of qualitative information posted by the company management in an
unbiased manner. This will further help in making investment decisions based on strategic information. The text
analytics methods with R programming used in the research work will immensely help the academic and
researcher community to work in a similar domain more effectively.

Presently, research in financial texts includes the application of analytics to derive unbiased information from a
large volume of data. This helps in further data mining operations and derives sentiments in the texts. Our research
is related to deriving the sentiments from the chairperson's message using the most recent applications related to
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text analytics based on lexicon methods. We further compare the sentiments with the financial performance
measures, which are not only in trends but also extremely useful in the world of financial data and information.

Literature Review

Background

Corporates publish annual reports consisting of information based on regulatory requirements passed through a
due audit process. The report speaks about management priorities, risks, and strategic operations. The annual
report is a credible database used by accounting professionals for financial communication between management
and shareholders. The research has shown that private and institutional investors have extensively used the
chairman's statement or President's letter in annual reports to access business information (Bartlett & Chandler,
1997; Bhuyan & Baid, 2020; Clatworthy & Jones, 2006; Day, 1986; Kar & Jena, 2019; Qiu et al., 2014; Smith &
Taffler, 1992). Over four to five decades, it has been observed that the readability of the chairman's address,
footnotes to the financial statements, and other verbal parts of the annual report have remained below the fluent
comprehension level (Clatworthy & Jones, 2001; Courtis, 1995). The subjective interpretation of the abundance
of textual content remains an issue. It leads to the application of text analytics technologies to help the reader
deduce the sentiment and information contained in the chairman's speech.

Theoretical Basis

The present research derives the motivation from the aspects of the signaling theory. The theory is fundamentally
concerned with reducing the information asymmetry between two parties (Spence, 2002). Signaling theory works
when there are two parties involved, and each party has unequal access to information. Typically, the sender
chooses how to communicate or signal the information, and the receiver chooses how to interpret the signal
(Connelly et al., 2011). In this research, the company chairpersons and management are the senders of
information. Investors other than the promoter groups are the ones who interpret the information for making
investment decisions.

Further, the signaling hypothesis assumes that managers may use their discretion power over narrative
reporting to enhance the signal value of earnings and present a better impression of quality (Al-Sayani &
Al-Matari, 2023; Bozos et al., 2011; Klein & Peterson, 1989; Yasar etal., 2020). Thus, the tone or the sentiment of
the content in the chairperson's message may serve as an indicator of the financial performance of the company.

Past Research and Findings

The Securities and Exchange Commission of the US requires chief executive officers (CEOs) of large publicly
traded companies to certify their financial statements. A study on corporate governance shows how CEOs signal
the unobservable quality of their firms to potential investors via the observable quality of their financial
statements (Zhang & Wiersema, 2009).

A probit analysis of 106 listed companies examined the impact of corporate size, profitability, solvency,
operational complexity, industry, and auditors on compliance with non-mandatory accounting pronouncements.
The research showed that companies that are large, profitable, and highly geared are more likely to comply with
the non-mandatory accounting pronouncements than their counterparts (Ng & Koh, 1994). Abrahamson and Park
(1994) conducted a content analysis of over 1,000 presidents' letters to shareholders to investigate how corporate
officials purposely hide poor organizational outcomes from shareholders. The results revealed that major
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institutional investors, outside directors, and accountants minimized such concealment, while small investors and
outside shareholder directors concealed the unfavorable organizational impact.

Different stakeholders, such as investors, analysts, and auditors, use the tone of corporate financial disclosures
to infer management's private information on the company's prospects, risks, value, and operational outcomes.
The tone of financial disclosures is typically dependent on financial performance, company size and growth,
management compensation types, and management characteristics (Luo & Zhou, 2020). The research suggests
that firms with better current performance, lower accruals, smaller size, less return volatility, and longer history
tend to have more forward-looking statements in the Management Discussion & Analysis section of the annual
reports (Li, 2010). According to research, financial graphs and images in annual reports are commonly used for
impression management. Company management selectively employs graphs to provide a more favorable
perception of financial success (Beattie & Jones, 1999, 1992; Courtis, 1997; Falschlunger et al., 2015;
Frownfelter-Lohrke & Fulkerson, 2001).

The literature review reveals that, on a basic level, the better the financial outcome, the more favorable the tone
of the disclosures in the narrative portions. However, there remains a vacuum in how textual narratives or
disclosures, driven by legal constraints, contribute to transparent representation. While these disclosures aim to
enhance transparency, they can also be used as a management tool for impression management. Most research
work focuses on companies in the US, UK, and other non-Indian regions. Since the financial reporting
environment and disclosure regulations vary widely across countries, it may not be entirely appropriate to
generalize the above research findings to the Indian context. This study takes a step forward in adding value to the
existing hypothesis within an Indian framework.

Hypotheses Development

As already stated, investors, analysts, and researchers use the chairperson's statement to access the business trends
and strategic information related to the company's performance. The relationship between the financial
performance and the chairperson's statement is never straightforward, given the former is about numbers and the
latter is about the unstructured content of the textual data. To describe the impact of textual content, we shall
explore a representative quantitative number in the form of sentiments of the text. The difficulty in finding the
impact of textual information is accentuated when we speak about any causal relationship between the statements
and performance. This provides a background to develop a model for finding the relation between the sentiments
in the texts and the numerical data through various financial parameters. Based on this, we discuss two hypotheses
to test as follows:

& HO1:The sentiments do not show trends concerning financial performance.

& Hal:The sentiments show trends concerning financial performance.

Research Methodology

Research Type

The present research includes the descriptive analytics of the qualitative data taken from chairpersons' messages.
The research also includes correlation analysis, where the numeric representations of the text data are tested for
the correlation with the financial performance of the company.

Indian Journal of Finance  November 2024 11



Data Description

Sentiment analysis is performed by extracting textual information from the chairman's message in the annual
reports. The population for this research includes six years of data for the NIFTY 50 companies. The rationale for
considering NIFTY 50 companies are as follows: (a) these companies represent the larger companies accounting
for 13 sectors of the Indian economy which also represent the major stock index of the country. Thus, the research
is not limited to any specific sector, (b) the focus on the larger companies may serve as a benchmark for others,
given these companies follow better corporate governance practices and publish the disclosures as per the
regulatory requirement, and (c) the NIFTY 50 index represents about 62% of the free float market capitalization of
the stocks listed on NSE as on September 30, 2022 (https://www.nseindia.com/products-services/indices-
nifty50-index).

The NIFTY 50 index firms are evaluated every six months. To maintain dataset consistency, we used the
January 2022 list of 50 firms. Annual reports for each of these companies from fiscal year 2017 (FY17) to FY22
can be accessed from the Bombay Stock Exchange website. The annual reports for FY23 are not yet available
during the writing of this article. Hence, the chairpersons' messages for FY23 are not included in the research.
Many times, annual reports have issues related to font type, image format, and other word recognition problems.
To avoid complications with the annual report's presentations, we copied the information into separate Word files.
In some circumstances, the messages are handwritten and saved in a Word file as part of the data-gathering
procedure.

The quantitative data for the company's financial metrics are downloaded from the Centre of Monitoring
Indian Economy (CMIE) ProwesslQ database. The dataset includes financial characteristics such as the
company's return on assets (ROA), debt-to-equity ratio (LEVERAGE), and total assets (SIZE). We collected the
aforementioned data for five years, from FY 18 to FY22.

Data Cleaning

HDFC Bank's annual report for the financial years FY17, FY18, and FY19 did not contain the chairman's
message. The director's report statements are taken as a replacement for the chairman's statement for these years of
HDFC Bank. Britannia Industries did not publish the chairman's message in the annual report. Hence, the
qualitative information from the director's report was extracted for the analysis for the period FY17-FY22. The
Annual reports of HCL Technology for FY'17, FY 18, and FY 19 did not contain the chairperson's message. Hence,
this was removed from the analysis. However, for FY'18, the chairman's speech at the AGM was recorded and
noted for analysis. For FY19, passages from the Management Discussion and Analysis section were used in the
research. Tech Mahindra did not have a Chairman's speech; thus, the MD and CEO's message was evaluated
instead.

Nestle India follows the financial year ending in December. Thus, the annual data ending December 2021 is
used as FY22 data, and so on. The organization has been tracking this for the past six years. The data preparation
and cleaning stage included many operations, such as merging the financial data with the derived sentiment data,
cleaning the column names, and converting the data from long to wide format.

Methodology

Among various text analysis methods, sentiment analysis is widely used to interpret textual information in
different sections of annual reports, including corporate social responsibility (CSR) disclosures, auditors'
statements, Chairman's letters, and notes to financial statements (Ranjan et al., 2018). Sentiment analysis can be
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Figure 1. Methods in Sentiment Analysis
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Source : Che et al. (2020).

conducted using either machine learning or lexicon-based approaches. The specific methods within each
approach are illustrated in Figure 1.

Lexicon-Based Sentiment Classifier

We have used a lexicon-based approach to extract the sentiment across the chairperson's message. In this
approach, each word or token is analyzed with a predefined set of rules to evaluate the sentiment associated with
the word. Essentially, the words of the speech are matched with the terms in a selected dictionary, where the terms
are categorized according to a type of sentiment.

Loughran and McDonald (LM) developed a specific dictionary for the financial domain and business context
by examining a large sample of annual reports in the US from 1994 to 2008 (Loughran & McDonald, 2011). The
word lists in the LM dictionary are quite extensive. The dictionary categorizes the words into six different
sentiments such as constraining, litigious, negative, positive, superfluous, and uncertainty. The list contains 2,355
negative and 354 positive words. We have extensively used the LM word list to measure the sentiment of various
financial news articles and business reports (Dougal et al., 2012; Frankel et al., 2022; Garcia, 2013; Huang
etal.,2014; Karalevicius etal., 2018; Liuetal., 2017; Liu & McConnell, 2013; Picault & Renault, 2017; Solomon
etal.,2014).

In the research framework shown in Figure 2, Text-1, Text-2, and Text-3 each represent the chairperson's
statement of a company. Sentiment-1, Sentiment-2, and Sentiment-3 each correspond to the quantitative values of
sentiments expressed within the chairperson's speech. The model is built using the sentiments and other financial
parameters as independent variables to check the impact on financial performance in the subsequent time.

Sentiment as a Non-Dimensional Number

We have observed differential patterns of reporting in the chairman's statement contingent upon whether the
companies are profitable or unprofitable. Unprofitable companies use fewer quantitative results, fewer personal
references, and more passive statements and focus more on the future (Clatworthy & Jones, 2006; Rosa &
Kawshalya, 2021). The chairman's speech includes both positive and negative sentiments. It is observed from data
that the length of chairpersons' speech across different companies varies significantly. Thus, the number of
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Figure 2. Research Framework
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positive and negative words in the report varies accordingly. Instead of separately considering the count of
positive and negative words, it is more appropriate to use a non-dimensional number as a measure of the overall
tone of the speech. An aggregate tone measure is used in earlier research (Huangetal.,2014,2018).

Calculation of the Sentiment Score

We used the following steps to calculate the net sentiment score for each of the chairperson's speeches for NIFTY
50 companies fromFY17to FY22:

& Downloaded the respective companies' annual reports from the BSE website.

& The chairperson's statement was copied into an Excel file respective to the company names and financial year.

& The paragraphs and sentences in the speech were segmented and tokenized to individual words using the
R code with the help of the “tidytext” library and the “unnest _tokens” function.

% The tokenized words were matched with the positive and negative sentiment words from the LM dictionary, as
stated above.

& The positive tone is found by dividing the total count of positive sentiment words by the total word count after
removing the stop words.

. Count of positive words
Net Positive Tone =

Total word count after stop words

% The negative tone is found by dividing the total count of negative sentiment words by the total word count after
removing the stop words.
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Table 1. Descriptive Statistics of the Sentiment Analysis Data

Sentiment Year  Mean SD Median  Min. Max. Q1 Q3 IQR MAD Skewness Kurtosis

Types

Positive 2017 0.044 0.015 0.042 0.019 0.109 0.034 0.049 0.015 0.013 1.567 4.72
2018 0.041 0.014 0.04 0.018 0.077 0.03 0.048 0.017 0.012 0.707 -0.154
2019 0.042 0.014 0.04 0.015 0.088 0.03 0.047 0.017 0.014 0.759 1.116
2020 0.042 0.017 0.04 0.015 0.103 0.031 0.048 0.018 0.014 1.37 2.312
2021 0.039 0.013 0.038 0.014 0.062 0.031 0.05 0.019 0.014 0.054 -1.018
2022 0.043 0.015 0.041 0.018 0.081 0.035 0.047 0.013 0.01 0.786 0.136

Negative 2017 0.018 0.012 0.014 0 0.056 0.009 0.022 0.012 0.009 1.245 1.216
2018 0.017 0.011 0.016 0.002 0.049 0.009 0.02 0.011 0.009 1.099 0.83
2019 0.016  0.009 0.017 0 0.036 0.012 0.021 0.009 0.007 0.04 -0.619
2020 0.026  0.013 0.024 0 0.066 0.017 0.033 0.016 0.012 0.78 0.844

2021  0.026 0.011 0.024 0.008 0.056 0.02 0.035 0.014 0.009 0.704 0.255
2022 0.021 0.01 0.02 0.007 0.048 0.013 0.025 0.012 0.01 0.722  -0.082

Net 2017  0.026 0.019 0.026 -0.016 0.094 0.017 0.037 0.019 0.015 0.503 1.648
Sentiment 2018  0.024 0.019 0.025 -0.019 0.069 0.014 0.035 0.02 0.016 -0.013 0.326
(NPT) 2019  0.025 0.015 0.026 -0.006  0.063 0.016 0.034 0.018 0.013 0.284 0.256

2020 0.016 0.022 0.014 -0.038 0.092 0.002 0.027 0.025 0.019 0.952 2.123
2021 0.013 0.017 0.013 -0.027 0.052 0.005 0.025 0.019 0.014 -0.206 -0.237
2022 0.022 0.017 0.02 -0.014  0.062 0.012 0.031 0.017 0.013 0.249 -0.06

Count ofnegative words

Net Positive Tone =
Total word count after stop words

& To find the overall tone measure or sentiment in the chairman's speech, we subtracted the count of negative
words from the count of positive words and divided the result by the total word count in the report.

Count of positive words — Count of negative words

Sentiment Measure =
Total word count after stop words

Table 1 shows the net positive tone for each of the companies. The chairperson's speeches for DivisLab from
FY17t0oFY20,as wellas HCLTech from FY'17, were not available.

Controlled Variables

The study employed the multiple linear regression method to create a predictive model and analyze if the tone of
the chairperson's remark might operate as an essential indicator to forecast the short-term and long-term financial
performance of organizations. The positive sentiment score, the negative sentiment score, and the interaction
effect between the two scores for each company were used as independent variables controlling for the company's
financial leverage, size, and age (Shengetal.,2011).
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Prediction Model

We began with the hypothesis that the sentiments expressed in the chairperson's speech might be related to the
company's financial performance. To test this, we quantified positive sentiment, negative sentiment, and net
sentiment for use in a regression model. As previously mentioned, our hypotheses were: (HO1) Sentiments do not
exhibit trends in relation to financial performance, and (Hal) Sentiments do exhibit trends in relation to financial
performance. We conducted empirical tests using ROA as an indicator of financial performance. The regression
models for different time frames are formulated below:

Model-1I:

ROA,,=P,+ B, POSITIVE, + B, NEGATIVE, + B, POSITIVE, * NEGATIVE, + 3, LEVERAGE, + B, SIZE, + €,
------------- Eq(1)
Model-IlI:

ROA,,., =B, + B, POSITIVE,,+ B, NEGATIVE,,+ B, POSITIVE,, * NEGATIVE,,+ B, LEVERAGE,,+ B SIZE,,+

Model I is to check the relationship within the same financial year, and Model-II is for investigating the impact of
sentiment on future financial performance.

ROA4,,,, is the return on assets of the i-th company for #+1 th financial year. This is defined as the net income
before interest and taxes divided by the total assets. NEGATIVE, , is the fraction of negative sentiment words in the
chairperson’s speech after removing the stop words from the total word count. POSITIVE,, is the fraction of
positive sentiment words in the respective chairperson’s speech after removing the stop words from the total
words. The subscript (i,7) represents the i-th company for the #-th financial year. LEVERAGE,, is the financial
leverage of the i-th company for the #-th financial year. This is the debt-to-equity ratio data collected from the
CMIE database. SIZE, is the size of the i-th company in the #-th financial year defined as the natural logarithm of
the total assets of the company.

Analysis and Results

R statistical programming software was used with R-studio as an integrated development environment for all the
data pre-processing and predictive modeling.

Descriptive Statistics

Descriptive statistics of the financial variables in the study are shown in Table 2.

Table 2. Descriptive Statistics of the Financial Variables

Financial Parameters  Year Mean SD Min. Median Max.

Debt to Equity Ratio 2016 0.96 1.15 0 0.48 4.99
2017 0.95 1.13 0 0.44 5.24
2018 0.9 0.95 0 0.72 4.13
2019 0.98 1.06 0 0.78 5.1
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2020 0.97 0.94 0 0.79 3.92

2021 0.85 0.86 0 0.61 3.47
2022 0.82 0.88 0 0.65 3.69
ROA 2016 9.28 8.73 -7.37 5.97 29.72
2017 9.07 7.87 -0.19 6.58 27.15
2018 8.31 7.58 -0.4 4.73 29.61
2019 8.29 7.79 -2.25 5.66 32.89
2020 7.84 7.93 -2.82 4.11 341
2021 7.41 6.88 -6.32 5.49 25.64
2022 8.34 6.66 -3.14 6.5 27.5
Total Assets 2016 13.47 1.53 10.47 13.54 17.24
2017 13.6 1.52 10.64 13.64 17.36
2018 13.75 1.51 10.87 13.82 17.4
2019 13.9 1.49 11.06 14.02 17.48
2020 14 1.49 11.28 14.16 17.55
2021 14.11 1.46 11.29 14.25 17.7
2022 14.21 1.47 11.23 14.41 17.8

Regression Results

The regression coefficients for FY20, FY21, and FY22 are shown in Table 3 for both the same-year performance
and future-year performance. For the same-year performance, the empirical results of ROA show that the
coefficient estimate of POSITIVE and NEGATIVE sentiments are not significant for the same-year prediction:
i.e., the sentiments associated do not show a significant relation with the financial performance of that year. In
Model II, for the study of future year performance, the coefficients of the POSITIVE sentiment variable show
significant predictive power for ROA. For FY20, the coefficient estimate is 278.3, with a statistical significance of
up to a level of 4%. For FY22, the POSITIVE sentiment variable shows predictive power for ROA within a

Table 3. Regression Coefficients and Significance

MODEL - | (Same Year Performance) MODEL-II (Future Year Performance)
Variables FY20 FY21 FY22 FY20 FY21 FY22
Positive -20.39 257.86 49.99 278.3 -20.19 356
(0.8236) (0.047)* (0.66) (0.0404)* (0.7966) (0.007)**
Negative -49.64 255.52 226.9 375.7 -107.98 365
(0.7776) (0.183) (0.308) (0.1832) (0.4746) (0.059)
Positive * Negative -488.33 -7503.6 -1761.2 -12760 1445.68 -10270
(0.8968) (0.083) (0.6983) (0.0480) (0.6545) (0.019)*
Leverage -3.39 -3.22 -3.04 -2.6 -2.848 -2.83
(0.0039)**  (0.0013)** (0.0017)** (0.0059)** (0.0047)** (0.0041)**
Size (Total Asset) -2.29 -2.18 -1.616 -2.48 -1.927 -2.042

(0.00281)** (0.00035)*** (0.0055)** (0.0005)*** (0.0033)** (0.0007)***
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significance level of 1%. Broadly, the NEGATIVE sentiment measure was not able to provide good explanatory
power for ROA for the next financial year. The POSITIVE * NEGATIVE interaction factor remained statistically
insignificant baring the year 2022, where it shows statistical significance up to a level of 2%. We found consistent
findings for both models for the LEVERAGE and SIZE indices of financial performance. LEVERAGE and SIZE
show a substantial and unfavorable relationship with the company's current and future year financial performance
interms of ROA.

Discussion

The study is conducted to analyze the textual data from the company's management within a framework of
signaling theory. This research analyzed the impact of sentiments in the textual data on the financial performance
of the companies. This area of research is still in the development stage, as one of the major challenges is
establishing the connection between unstructured data in the form of texts and structured data in the form of
financial numbers. We study the NIFTY 50 companies for a period extending from 2018 to 2022. We used the
word count method to perform text segmentation and tokenization. Then, we used the dictionary method of
sentiment extraction (specifically the LM dictionary for financial texts) for studying the sentiments and
subsequently used the positive and negative sentiment for the regression analysis. Our hypothesis is about the
sentiments having explanatory power for predicting financial performance. The hypothesis is rejected for Model-
I, which represents that the sentiments in the chairperson's speech have no impact on the present-year performance
ofthe company. Model II studies the impact of sentiments on the future year's financial performance. The negative
sentiments do not have much significance in explaining the ROA numbers for the next financial year. The
hypothesis is valid for positive sentiments for FY20 and FY?22, i.e., the positive sentiments have predictive power
within a significance level of 1% to 5%.

For FY21 or for the period from April 2020 to March 2021, both positive and negative sentiments are not
significant in explaining the dependent variable. The average net positive tone (NPT) for FY21 remains the lowest
compared to other years. For FY21, the NPT was 0.013, whereas for other years, the NPT was around 0.024,
a~46% fall in aggregate positive sentiment. It may be noted that the majority of institutional lockdowns happened
during FY21 as a part of the COVID-19 restrictions. The average ROA for FY21 also fell to 7.4% from an average
of 8.3% in other years. It could be because of the reason that as the negative sentiment rises, the correlation with
performance loses significance.

Implications

The research is extremely useful for the investor community operating in capital markets. The text analytics
methods used in the research, specifically for the financial texts, can be of help for deriving the sentiments across
the documents and using them in further analysis. The methods can also be generalized to derive the sentiments
from texts involved in non-financial documents. The predictive analysis and results obtained in the research will
be immensely helpful in making more informed decisions related to investments. The research results also add to
the robustness of the signaling theory. The algorithm of the text analytics process used in the R-code will assist the
academicians working on similar methods.

Limitations of the Study and Scope for Further Research

Alimitation on this aspect may be noted related to this empirical result. The NIFTY 50 companies are generally the
stable performers across the industries in India. Given the size and fundamentals of the companies, the
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performance may not be significantly lower. Therefore, it is recommended to use a larger set of companies to
check the impact of sentiments on performance in future studies.

In the present research, we have extracted unigrams from the chairpersons' speech and conducted the text
summarization and analytics. Analysis of bigrams or entire sentences can be done in further studies. Any link
between sentiments and the share price of a company may be studied to establish the correlations. A similar
method can be applied to the texts from investors' conference calls for studying the impact on the quarterly
performance of the companies.

Conclusion

The negative sentiment in the chairpersons' speech is not very relevant for the financial performance prediction for
the present and future years. However, the positive tone in the speech indicates a better performance of the
companies in the future year but not in the current year. The results are also in line with the signaling theory from
the perspective that the firms majorly project a positive impression while masking the underperformance
situations.
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