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The Effects of Sentiment Evolution in Financial Texts: A Word Embedding Approach 

Abstract 

We examine the evolutionary effects of sentiment words in financial text and their implications 

for various business outcomes. We propose an algorithm called Word List Vector for Sentiment 

(WOLVES) that leverages both a human-defined sentiment word list and the word embedding 

approach to quantify text sentiment over time. We then apply WOLVES to investigate the 

evolutionary effects of the most popular financial word list, Loughran and McDonald (LM) 

dictionary, in annual reports, conference calls, and financial news. We find that LM negative 

words become less negative over time in annual reports compared to conference calls and 

financial news, while LM positive words remain qualitatively unchanged. This finding reconciles 

with existing evidence that negative words are more subject to managers’ strategic 

communication. We also provide practical implications of WOLVES by correlating the 

sentiment evolution of LM negative words in annual reports with market reaction, earnings 

performance, and accounting fraud. 

Keywords: word embedding, word list, sentiment evolution, textual analysis, strategic 

communication 

 

Introduction 

There are increasing IS applications that are built on natural language processing (NLP) 

techniques to collect intelligence from voluminous text. Many are financial applications (e.g., 

Refinitiv news analytics, Sentieo) developed to monitor market sentiments derived from 

unstructured news content [11,51,68]. Currently, these systems reveal sentiment signals using 

predefined dictionaries and corpora, which are assumed to be fixed and remain semantically 

constant over time. However, human language changes over time. For example, the vocabulary 

of Shakespearean times differs greatly from that of today. Even if the vocabulary remains the 
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same, the meanings of words can change drastically as a result of being used to fit 

communication needs [2].  

Although textual analysis has become increasingly important in business research, little is 

known about how language in financial text evolves and its impact on the effectiveness of 

content analysis in general. Studies show that financial text like annual reports, earnings 

conference calls, and financial news, contain information (e.g., sentiment words) that triggers 

market reactions [41,51,61]. Their findings provide evidence for the business value of financial 

text, especially words reflecting sentiment. However, being aware of these effects, 

communicators may choose to change their language to manage audiences’ perceptions 

[5,12,17,41,46]. Therefore, an investigation of the evolutionary pattern of sentiment words and 

its effects on various business outcomes is of great interest. 

We apply the word embedding approach [45] to a predefined sentiment word list to 

quantify word sentiment evolution patterns in financial text. Word embedding is a machine 

learning method that captures both the local and global semantic meanings of words with a large 

amount of training text [19,52,66]. Unlike the conventional NLP method, the word embedding 

method has the merit of using contextual (neighboring) words to represent the semantic meaning 

of a word using a high-dimensional vector representation (“word vector,” “word embedding,” or 

“embedding” in short). Accordingly, words with similar semantic meanings will have similar 

vector representations [45]. When the sentiment words in a predefined word list are represented 

in this way, their dynamic meanings, i.e., their strength in expressing sentiment, can be measured 

more accurately and are more adaptive to contextual change. 

To illustrate the effectiveness of the word embedding method, we calculate the 

embedding vectors for the extensively used financial sentiment word lists proposed by Loughran 
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and McDonald [41] (“the LM dictionary”) and project the embedding vectors into a two-

dimensional space using principal component analysis (PCA), as shown in Figure 1. The 

distinguishable positive (blue) and negative (pink) clusters indicate that these two opposing 

sentiments, represented by embedding vectors, indeed have different semantic meanings. 

However, it is interesting to note that some sentiment words are located far away from their own 

center, or even in the wrong clusters, indicating that semantically, they are not fully consistent 

with their predefined sentiment labels. Figure 1 provides initial evidence that the word 

embedding approach can effectively quantify the sentiment using a high-dimensional 

representation of the LM dictionary and reveals the subtle differences between words in the 

dictionary in terms of their strength in expressing sentiment. 

[Insert Figure 1 here] 

In this study, we propose an algorithm called Word List Vector for Sentiment (WOLVES) 

that can capture the evolutionary effect of word meanings when conducting sentiment analysis. 

This algorithm is significantly different from the existing approaches to enhance the word list-

based sentiment analysis, as WOLVES incorporates word embedding to dynamically update 

sentiment word lists (e.g., the LM dictionary in financial context) with their changing semantic 

meaning and sentiment strength. Toward this goal, WOLVES generates a sentiment intensity 

score for each word in a word list by using the geometrical distance between sentiment word 

vectors in the high-dimensional embedding space to quantify its sentiment strength. Given that 

the embedding is updated with the changing context of a particular sentiment word, this 

algorithm can capture the dynamic sentiment strength of that word. In this regard, we no longer 

assume that sentiment words always carry the same level of sentiment regardless of their context. 
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The sentiment intensity score generated by WOLVES makes it possible to quantitatively trace 

the level of sentiment delivered in words over time. 

The evolutionary sentiment intensity might potentially explain the inconsistent results in 

the literature about the role of sentiment words in financial text using panel data [17,25]. For 

example, Loughran and McDonald [35] consider annual reports filed between 1994 and 2008 

and indicate that disclosure sentiment can be quantified by applying predefined word lists. 

However, Frankel et al. [17] find that the dictionary method cannot capture sentiment in 10-K 

filings when the sample covers a much longer period (between 1996 and 2019), likely because of 

changes in disclosure language. In this study, we aim to reconcile these inconsistent findings 

using a refined sentiment measure that considers temporal changes and a large sample of 

financial text data. 

We apply WOLVES to three important types of financial text (annual reports, conference 

calls, and financial news) to investigate the evolutionary effect of the sentiment words defined in 

the LM dictionary. We find that after accounting for factors that are not the primary focus of our 

study or have been documented with effects on word evolution, the average sentiment intensity 

of both LM positive and negative words is relatively stable over time in all three types of 

financial texts, except for annual reports, where the intensity of the negative words decreases. 

This diminishing effect of LM negative words in annual reports is consistent with the view that 

managers choose their words carefully when preparing annual reports so that they can manage 

the sentiments communicated [5,17]. However, it is much harder for managers to do the same in 

extemporaneous settings such as the Q&A sections of conference calls [17,37]. This finding also 

indicates that news editors may be less likely to practice strategic language manipulation because 

they do not have the same motivations as managers.  
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To further validate the results, we consider the implementation of the Sarbanes-Oxley 

Act (SOX) Section 404 (internal controls)1 as an exogenous shock, as this requires firms to state 

any potential risks in their annual reports. We find that the sentiment intensity of LM negative 

words significantly changes after the SOX is implemented. We also test the effect of the release 

of the LM dictionary in 20112 and find that LM negative words changed significantly after this 

event. Taken together, this additional evidence is consistent with the view that managers’ 

strategic communication might be a plausible explanation for word evolutional patterns [5,17]. 

Next, we use WOLVES to construct new sentiment measures to examine the predictive 

value of sentiments in the MD&A sections of annual reports in terms of market reaction, 

earnings performance, and accounting fraud. We find that only negative words with high 

sentiment intensity scores are statistically correlated with these business outcomes. In terms of 

economic significance, a one-standard-deviation increase in the ratio of high-intensity negative 

words yields about a 0.160% decrease in excess returns, a 5.27% decrease in future earnings of 

its standard deviation, and a 20.3% increase in the odds of fraud. Our findings suggest that 

WOLVES effectively accounts for the effect of word evolution that can significantly improve the 

power of dictionary-based sentiment measures to predict important business outcomes. 

This paper makes three main contributions to literature. First, we contribute a new 

method for extracting sentiment from financial documents. Our proposed WOLVES combines 

the human domain knowledge in creating a domain-specific sentiment word list and the 

computational power implemented by the AI-based approach to capture the evolutionary effect 

of the sentiment words. Human knowledge, as represented by the LM dictionary, can suffer from 

limitations such as low generalizability, bias in word selection, and the inability to capture 

 
1 https://www.sarbanes-oxley-101.com/SOX-404.htm 
2 The sentiment word list became publicly available after Loughran and McDonald published their influential paper 

in 2011. 

https://www.sarbanes-oxley-101.com/SOX-404.htm
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dynamic language changes [15,59], while machine learning alone is not always preferable 

because of its low level of interpretability, which is important in managerial decision-making 

[54]. Many machine learning methods also require the manual labeling of text data, which can 

introduce human bias [28]. By leveraging the benefits of both human domain knowledge and the 

computational power of machine learning methods, our method can not only retain the simplicity 

and explainability power of the financial lexicon but also capture the evolutionary pattern in 

language to construct more effective sentiment measures. 

Second, our study reconciles to some extent the inconsistent findings in the literature 

about the information content of financial text. Research applying the dictionary method to 

capture disclosure sentiment reports inconsistent findings [17,25,41]. Compared with the 

literature, our proposed sentiment intensity score generated from WOLVES can improve the 

sentiment measures, as it considers contextual information, the semantic relationships between 

words, and the temporal changes in word meaning (see Appendix A). As a result, the sentiment 

in the annual report extracted by our method can consistently predict market reaction, future 

corporate earnings, and accounting fraud.  

Finally, our study contributes to the emerging literature concerning how managers behave 

strategically in their corporate disclosures. Recent research has suggested that managers may 

attempt to mitigate negative investor perceptions by strategically adjusting their language in 

business communication or company disclosure [5,12,33]. Thus, analyzing managers’ language 

with a dynamic view is valuable when assessing the information in company disclosures and 

investors’ responses. Our novel findings of a significant evolutionary pattern for LM negative 

words may reflect the adjustments that managers make to the language of corporate filings in 

response to the public availability of the LM dictionary. 
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Related Work 

Computational Models of Word Evolution 

Research into the semantic changes of words has recently increased because of source data 

availability and developments in computational linguistics. Earlier studies generally examine the 

frequency of word usage to assess word evolution [38]. Turney et al. [65] extend this stream of 

literature by proposing a distributional word representation that captures the temporal semantic 

meanings of words. Pioneered by Mikolov et al. [45], word embedding models based on deep 

learning have gradually become popular and effective approaches to NLP problems. For example, 

Kim et al. [29] examine the semantic changes of words through word embeddings using the 

Google Books Ngram corpus, which enables them to identify a list of words (e.g., cell and gay) 

that evolved significantly between 1900 and 2009. Hamilton et al. [24] empirically compare 

word evolution patterns identified through embedding methods with the ground truth of known 

word semantic changes. They confirm that the word embedding method is effective in this NLP 

task. Schlechtweg et al. [57] conduct a systematic comparison of various computational 

linguistic models and confirm that the word embedding approach can effectively detect semantic 

changes automatically. The evolution of words identified through embedding methods has 

recently been considered when examining various social phenomena, such as gender and ethnic 

stereotypes [19], social class evolution [32], drug overdose [67], and gender inequality [34]. We 

extend this stream of literature by quantifying word sentiment evolution in financial text and 

assessing its implications for various business outcomes. The focus of our method on the 

temporal changes at the word level is driven by the fact that word list-based sentiment analysis 

heavily relies on each word’s sentiment intensity, which changes over time. Our method 

contributes to the sentiment analysis literature by capturing such changes. 
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Word Embedding with the Dictionary-Based Method 

The dictionary-based method is commonly applied to the sentiment analyses of financial text 

[18,41,42,61,62]. This method relies on a predefined set of words to measure the levels of 

positive or negative sentiment in text [41,61]. Dictionary-based sentiment measures have been 

applied to predict various business outcomes. For example, García [18] and Tetlock [60] find 

that the proportion of negative sentiment words in financial articles can predict stock returns. 

Frankel et al. [17] and Loughran and McDonald [41] report that LM negative words are 

associated with corporate earnings. Loughran and McDonald [41] find that LM negative words 

are linked to 10b-5 fraud lawsuits and self-reported material weakness in terms of internal 

controls. Larcker and Zakolyukina [33] show that deceptive narratives communicated by 

executives are associated with emotional words. 

The dictionary-based approach is regarded as an appropriate tool for analyzing financial 

text because of its simplicity, ease of implementation, and strong explainability power. However, 

its efficacy has been questioned because a predefined dictionary is likely to be subjective, 

domain-specific, and inflexible, and thus unable to adapt to new contexts over time [17]. The 

deep learning approach can address the limitations of these predefined word lists, and it 

improves the effectiveness of sentiment extraction from text. For example, Tsai and Wang [64] 

apply the continuous bag-of-words model [45] to identify additional sentiment words that are 

semantically similar to those in predefined dictionaries. Theil et al. [63] use a word embedding 

model to expand an uncertainty word lexicon to include industry-specific terms. Yang et al. [69] 

illustrate that combining word embeddings and domain-specific dictionaries (i.e., the LM 

dictionary) significantly improves predictions of stock return volatility. Li et al. [37] demonstrate 
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that the word embedding approach can be used to automatically construct a dictionary containing 

informative words and phrases related to corporate culture. 

Although these methods improve the adaptability of the dictionary-based method, few 

studies consider temporal changes in language and accordingly adjust the weights of words in the 

dictionary to better measure sentiment [17]. We extend the prior work in this stream to 

incorporate temporal language changes, as otherwise, the constructs developed from this method 

will gradually lose their validity, thus affecting any conclusions and implications drawn. To 

address this issue, this paper applies the word embedding approach to construct a sentiment 

intensity score that can be leveraged to improve sentiment construct validity. 

Informativeness of Financial Text 

The recent financial text analysis literature suggests that company disclosures, such as annual 

reports and earnings conference calls, are informative to the market. Li [35] shows that firms 

with lower earnings are associated with poor annual report readability. Larcker and Zakolyukina 

[33] report that deceptive CEO narratives contain more extremely positive words and fewer 

anxiety words, while deceptive CFO narratives use more negation and extremely negative words. 

Huang et al. [27] document that an abnormal positive tone in earnings press release is correlated 

with poor subsequent earnings and cash flows for up to three years after the initial release. Allee 

and Deangelis [1] find that firms manage tone in earnings conference calls to temper extreme 

performance expectations. Dzieliiski et al. [12] find that investors react less to earnings news 

when managers use more uncertain words in their presentations. 

However, as important channels of company disclosure, annual reports and earnings 

conference calls differ fundamentally [17]. First, earnings conference calls allow participants 

outside of the company, such as analysts, investors, and media, to interact with managers and 
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discuss firms’ financial results during Q&A sessions. Thus, the language is more spontaneous 

because of the real-time and conversational nature of conference calls. Second, firms typically 

host conference calls immediately after the press release of earnings announcements, which 

gives managers limited time to prepare. Unlike these calls, firms have no time pressure when 

preparing annual reports. Thus, they can craft the language in the reports to achieve their 

intended goals, particularly in the management’s discussion and analysis (MD&A) sections, 

which receive much attention from investors [37]. In their recent paper, Cao et al. [5] show that 

managers may avoid LM negative words because they are aware that the disclosure sentiment, 

measured by the LM dictionary, can be used by investors as the basis of firm valuation or 

investing decisions. If this task is automated and streamlined using computer programs, it can 

trigger a stronger effect on the market. Taken together, we are particularly interested in the word 

sentiment evolution patterns in annual reports using conference calls as a benchmark. 

Financial news is another important information source for investors in the financial 

market, even though it is not company disclosure. Many studies document the informativeness of 

media content in financial news and its association with investors’ reactions [18,61,62]. Unlike 

annual reports and earnings conference calls, in which managers discuss firms’ financial 

performance and operations, financial news articles are often written by professional reporters 

from an outsider’s perspective [70]. Thus, we expect the word evolution patterns in financial 

disclosures (i.e., annual reports and earnings conference calls) to differ from those of financial 

news [4,5,35].  

An Embedding-Based Algorithm for Analyzing Word Sentiment Evolution 

We propose an embedding-based sentiment extraction algorithm called WOLVES to capture the 

dynamic sentiment patterns. Figure 2 outlines the algorithmic procedure of WOLVES. The 
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inputs of the algorithm include a textual corpus split into years and predefined positive and 

negative sentiment word lists. The output is a vector of the yearly updated sentiment intensity 

scores for each word in the word list, reflecting the evolutionary sentiment patterns. The 

following sections explain the details of each step of the WOLVES algorithm. 

[Insert Figure 2 here] 

Training Dynamic Word2vec 

Word embedding is a numeric vector representation of words to capture their semantic meaning. 

These vector representations are learned by statistical or machine learning methods (also called 

language models in general) from a corpus of documents. The learning objective is that words 

with similar semantic meanings will have similar vector values. Hence, one can measure the 

semantic similarity between words using vector distance, such as Cosine similarity.3 In this study, 

we apply the word2vec model [45] to generate embedding vectors of words for its superior 

performance in learning the optimal word embedding. Appendix B provides a detailed 

description of our word embedding model. 

 To capture the word evolution patterns, we separately train word2vec models using 

corpus from different time periods. We can thus capture a word’s temporal geometric properties 

of its word embedding vectors. In this way, word embedding vectors will be updated to reflect 

more accurate semantic meanings over time.  

Preprocessing and Implementation of Word2vec 

As an advantage, the word embedding model requires minimal text preprocessing effort. We 

simply remove punctuation and convert all characters to lowercase. Traditional preprocessing 

methods, such as word lemmatization, word stemming, and name entity recognition, are 

 
3 Cosine similarity between vectors is defined as: 𝑐𝑜𝑠(𝑤1 , 𝑤2) =

(𝑤1∙𝑤2)

∥𝑤1∥ ∥𝑤2∥
=

∑ 𝑤1𝑖
𝑛
𝑖=1 𝑤2𝑖

√∑ 𝑤1𝑖
𝑛
𝑖=1

2√∑ 𝑤2𝑖
𝑛
𝑖=1

2
 

, where 𝑤1𝑖
, 𝑤2𝑖

 are 

components of vector 𝑤1, 𝑤2 respectively. 
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unnecessary for training word embedding. The minimal preprocessing effort makes our approach 

easier to reproduce and scale up for other applications. We apply Python’s Gensim library to 

train the word2vec models. As suggested by the literature [37,45], we set the vector 

dimensionality to 300 and use 5 neighboring words as the context. We also omit words that 

appear fewer than five times in the corpus. 

Generating Sentiment Intensity Score 

We consider a word as a good sentiment marker if it is close to the center of its own sentiment 

group and far from the center of the opposite sentiment group. Formally, we define a word’s 

sentiment intensity as the difference between this word’s within-group (to its own centroid) and 

across-group (to the centroid of the opposite group) distance. The two centroids are updated 

periodically to reflect the temporal sentiment changes. Also, at each update, we exclude the 

ambiguous sentiment words (i.e., LM words with negative intensity scores) in order to generate 

more accurate centroids. By doing this, the ground truth of the sentiment is defined with a subset 

of predefined sentiment word list, rather than a fixed one. Compared to existing embedding-

based sentiment analysis methods, such as the one proposed by Garg et al. [19], our method is 

more flexible in capturing the sentiment strength with a predefined word list. 

We outline the steps for calculating sentiment intensity scores as follows. For each year 𝑡, 

we first update the positive and negative word vector lists to remove word vectors with the 

ambiguous sentiment as  

𝑉𝑡
′ = [𝑣𝑖,𝑡 for 𝑣𝑖,𝑡 in 𝑉𝑡 if cos (𝑣𝑖,𝑡, 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑠𝑎𝑚𝑒,𝑡)) − cos (𝑣𝑖,𝑡, 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒,𝑡)) > 𝜂], 

where 𝑐𝑜𝑠( ∙ , ∙ ) is the cosine similarity function, 𝑎𝑣𝑒𝑟𝑎𝑔𝑒( ∙ ) is the component-wise mean 

function, 𝑣𝑖,𝑡  is the word embedding vector of focal word 𝑖  in year 𝑡 , 𝑉𝑡  is the list of word 

embedding vectors, 𝑉𝑠𝑎𝑚𝑒,𝑡 (𝑉𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒,𝑡) is the word embedding vectors of the same (opposite) 
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sentiment as the focal word 𝑖, and the embedding vectors are from the word2vec model in year 𝑡. 

The hyperparameter 𝜂, ranging between -2 and 2, defines the proportion of the original sentiment 

word list to be used when constructing the new centroids of the two sentiment groups. We set it 

to 0 throughout the paper.4 With the updated sentiment centroids (𝑉̅𝑡
′), we then measure the 

sentiment intensity score of each LM word using the cosine similarity between its word vector to 

its own centroid, minus the cosine similarity to the centroid of the opposite sentiment. Formally, 

the sentiment intensity score for a given LM word 𝑖 in year 𝑡 is calculated as 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑡 = 𝑐𝑜𝑠(𝑣𝑖,𝑡, 𝑉̅𝑠𝑎𝑚𝑒,𝑡
′ ) − 𝑐𝑜𝑠(𝑣𝑖,𝑡, 𝑉̅𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒,𝑡

′ ), 

where 𝑉̅𝑠𝑎𝑚𝑒,𝑡
′  (𝑉̅𝑜𝑝𝑝𝑜𝑠𝑖𝑡𝑒,𝑡

′ ) is the centroid of the same (opposite) sentiment as the focal word 𝑖, 

and the embedding vectors are from the word2vec model in year 𝑡. 

We then follow the literature in aggregating the sentiment to the document level, which is 

the ratio of the sentiment words [17,41]. Effectively, WOLVES can improve the overall 

sentiment measures by assigning higher weights to words with high sentiment intensity or even 

removing words with low sentiment intensity from the predefined word list in a dynamic way. 

Validating Sentiment Intensity Score 

To demonstrate the effectiveness and generalizability of WOLVES in a general context, we 

conduct a validation test using the Amazon Book Review dataset [47]. One merit of Amazon’s 

review data is that the textual review is associated with a quantitative rating, which is a good 

summative measure of the review’s sentiment. In other words, the ground truth of the sentiment 

in the review text is known to some extent. Therefore, it is an ideal dataset to validate our 

proposed sentiment measure. The validation procedure is described in Appendix C. In brief, our 

analysis based on this validation dataset shows that our proposed WOLVES algorithm is 

 
4 Our results are qualitatively consistent for a reasonable range of 𝜂. 
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effective in differentiating sentiment words based on their sentiment intensities and can better 

explain the summative ratings with a selected subset of words. 

Analyses of Word Sentiment Evolution 

Data 

We apply WOLVES to three types of financial text: annual reports, conference calls, and 

financial news. We split the three datasets (annual reports, conference calls, and financial news) 

into multiple folders by year. We thus generate 22 folders for annual reports (1997-2018), 16 for 

conference calls (2003-2018), and 22 for financial news (1997-2018). Based on these folders, we 

got 22, 16, and 22 word2vec models in WOLVES for annual reports, conference calls, and 

financial news, respectively. The details of data collection are presented below. 

Annual Report 

We download all text from annual report filings between 1997 and 2018 from the EDGAR 

database.5 Specifically, we use the dataset prepared and cleaned by the Notre Dame Software 

Repository for Accounting and Finance (SRAF).6 In this dataset, each file contains the body text 

of an annual report and its metadata, including the SEC’s Central Index Key (CIK) number, 

filing date, form type, and file size. We collect 199,176 Form 10-Ks from 34,966 firms identified 

by their CIK number. As many sections of 10-Ks consist of tables with quantitative data and a 

boilerplate, we only focus on sections with descriptive text about the firms’ business and 

financial conditions, including Item 1 (Business), Item 1A (Risk Factors), Item 7 (MD&A), and 

Item 7A (Quantitative and Qualitative Disclosures about Market Risks). We apply regular 

expression matching operations in Python to extract sections from these 10-K items, resulting in 

 
5 We exclude 1994-1996 because there are too few 10-Ks in this period. 
6 https://sraf.nd.edu/. The last update was 01/01/2019 when we retrieve the data. 

https://sraf.nd.edu/
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188,244, 95,188, 186,198, and 147,537 per item, respectively. Sections with fewer than 100 

words are removed. Then, we use the cleaned text to train the word embedding model. 

Conference Calls 

We obtain the initial dataset of the earnings conference call transcripts from Thomson Reuters’ 

StreetEvents (SE) database from 2003 to 2018. 7  In the dataset, each file contains the text 

transcript of the participants’ communication during the call and metadata that help us identify 

the event time, each speaker, and their role (managers, analysts, or investors). We apply regular 

expression matching operations in Python to match every dialogue with its speaker from the 

transcript file. We successfully extract 194,928 Q&A sessions with matched speakers and their 

roles from 265,622 transcript files.8 We filter out text associated with analysts or investors, as 

they are not the focus of our study. Our final dataset contains 8,801,959 manager conservations 

in 194,928 Q&A sessions. 

Financial News 

We collect financial news articles from 1997 to 2018 via the Factiva Streams API.9 In the dataset, 

each news article is associated with a Dow Jones Intelligent Identifier10 that enables us to extract 

only relevant financial news. We first filter out irrelevant news types, such as blogs, images, or 

web pages. We then use the top-level subject codes to extract news articles from the relevant 

categories, such as commodity/financial market news, corporate/industrial news, and economic 

 
7 The initial dataset includes transcripts from 2001 to 2018. We exclude 2001-2002 because there are too few 

transcripts in this period. 
8 We drop transcript files (1) without information about the occupations of the speakers or (2) without dialogue in 

Q&A sections or (3) if we fail to detect Q&A sections in the full transcript. 
9 https://developer.dowjones.com/site/global/home/index.gsp  
10 A complete list of Factiva fields used for financial news collection is provided here: 

https://developer.dowjones.com/site/docs/factiva_apis/factiva_analytics_apis/factiva_snapshots_api/index.gsp#prod

uct-overview-353. 

https://developer.dowjones.com/site/global/home/index.gsp
https://developer.dowjones.com/site/docs/factiva_apis/factiva_analytics_apis/factiva_snapshots_api/index.gsp#product-overview-353
https://developer.dowjones.com/site/docs/factiva_apis/factiva_analytics_apis/factiva_snapshots_api/index.gsp#product-overview-353
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news.11 Next, we apply the language and region filters to restrict our data to the U.S. region. 

Finally, we remove news articles without body or company identifiers. In total, we obtain 

6,372,781 news articles for model training and subsequent analyses. 

Preliminary Analysis 

We apply WOLVES to examine the word sentiment evolution phenomenon within three types of 

financial text. We compare the yearly change of sentiment intensity for LM words in annual 

reports, a non-extemporaneous setting in which managers can actively modify the language, with 

the Q&A section of conference calls and financial news, which are less formal and prepared. 

After removing infrequent words from the original LM sentiment dictionary, 12  we 

identify 308 positive and 1,526 negative words for annual reports, 264 positive and 750 negative 

words for conference calls, and 278 positive and 1,348 negative words for financial news. 

The variable definitions are summarized in Table 1, and their descriptive statistics are 

summarized in Appendix D. The mean intensity scores of both LM positive words 

(𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆) and negative words (𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 ) are positive for all three types of texts, 

suggesting that LM words are generally effective in conveying sentiment. The average term 

frequency of positive words ( 𝑇𝑒𝑟𝑚𝐹𝑟𝑒𝑞𝑃𝑂𝑆 ) is much higher than that of negative words 

(𝑇𝑒𝑟𝑚𝐹𝑟𝑒𝑞𝑁𝐸𝐺) in each dataset. The term frequency of sentiment words is also much higher in 

annual reports compared to the other two text types, as annual reports are, on average, longer. 

The geometrical distance between the centers of positive and negative words (𝐺𝑟𝑜𝑢𝑝𝐷𝑖𝑠𝑡), 

which is defined as 1 − 𝑐𝑜𝑠(𝑉̅𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒, 𝑉̅𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒),13 is above 0.5 on average in all three types of 

text, suggesting that positive and negative words are generally semantically different. Finally, 

 
11 A complete list of top-level subject codes is provided here: 

http://www.factiva.com/en/cp/content/indexing/DJID_FeaturesBenefits_2017.pdf  
12 A word is removed if its embedding vector appears fewer than five times in a data folder. 
13 𝑉̅𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒  (𝑉̅𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒) is the representative group vector of positive (negative) words, calculated as the average of 

the word embedding vectors of all positive (negative) words defined by the LM dictionary. 

http://www.factiva.com/en/cp/content/indexing/DJID_FeaturesBenefits_2017.pdf
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𝐻𝑎𝑟𝑣𝑎𝑟𝑑 is a dummy variable that indicates whether an LM word is also included in the H4 

dictionary. On average, about 30% of sentiment words in the three text types are defined in both 

LM and H4 dictionaries. 

[Insert Table 1 here] 

Figure 3 illustrates the trends of the average sentiment intensity scores of LM words 

across years and the three text types. Given that we are interested in the individual word’s 

sentiment evolution, we control for the overall changes at the aggregated level, i.e., the similarity 

between the positive and negative embedding centroids. Also, we control other factors 

documented in the literature that can influence the calculation of word embedding, including 

domain-specific information [23] and the frequency of word usage [48]. The scores for the 

positive and negative words in annual reports clearly demonstrate a different trend, while the 

polarities in financial news and conference call are relatively stable. Thus, we obtain initial 

evidence that negative sentiment words in annual reports evolve differently from those in 

conference calls and financial news, likely because of managers’ strategic reporting behavior in 

such an important disclosure channel. 

[Insert Figure 3 here] 

Note that our approach does not measure sentiment by counting the usage of sentiment 

words. Rather, the word embedding measures reflect the semantic context. Hence, the decreasing 

intensity scores for negative words in annual reports indicate that the context of using negative 

words becomes less negative in general. There are two possibilities for this to happen. One is the 

context for using sentiment words does not really convey negative information. The second is the 

obfuscation of information by using both positive and negative words in the vicinity of text. To 

investigate these potential explanations, we report the ratio of LM negative words (Negative 
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word ratio) and the ratio of the sentences containing both LM positive and negative words (Pos-

Neg word mixture ratio) in Figure 4. Interestingly, we find that managers used more negative 

words in annual reports over time, resulting in an increase of 85% in the ratio of negative words 

in 2018 compared to that in 1997, that is, with a 2.97% yearly increase rate. This result is 

different from a related study by Cao et al. [5] where the authors find that firms avoid negative 

words in disclosure when facing high machine downloads. Given that their finding is based on 

cross-sectional evidence, ours is a temporal pattern revealing an increasing trend. This can be 

explained by firms’ increasing litigation concerns [3,43,56]. Nonetheless, we find that negative 

and positive words are used together more frequently, as the mixed ratio increased by 103% in 

2018 compared to that in 1997, that is, with a 3.43% yearly increase rate. This finding suggests 

that managers may use positive words to manage investors’ perceptions when reporting negative 

news to obfuscate disclosure information [35,39,60]. This language pattern has not been 

documented by the existing literature, and therefore our study contributes to explaining why 

negative words lose their expected sentiment intensity over time. 

[Insert Figure 4 here] 

Regression Analysis 

Next, we apply an econometric analysis to formally investigate the sentiment evolution patterns 

across financial texts. We focus on the sentiment evolution of LM words in annual reports, and 

our benchmark consists of the two other types of financial text.14 We consider the following 

regression model: 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑡,𝑑 = 𝛽0 + 𝛽1 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 + 𝛽2 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 × 𝑅𝑒𝑝𝑜𝑟𝑡 + 𝛽3 𝑇𝑒𝑟𝑚𝐹𝑟𝑒𝑞𝑖,𝑡,𝑑

+ 𝛽4 𝐺𝑟𝑜𝑢𝑝𝐷𝑖𝑠𝑡𝑡,𝑑 + 𝛿𝑖,𝑑 + 𝜀𝑖,𝑡, 

(1) 

 
14 We only include words with valid word embedding vectors across two domains each year in each sample set to 

ensure a fair comparison. We thus end up with 260 positive words and 740 negative words in the annual report – 

conference call sample set and 269 positive words and 1,163 negative words in the annual report – financial 

news sample set. 
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where 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑦,𝑑 is the sentiment intensity score of an LM word 𝑖 in a specific year 𝑦 from a 

domain 𝑑 from either the annual reports or the benchmark text types, 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 is a consecutive 

year sequence capturing the year trend, and 𝑅𝑒𝑝𝑜𝑟𝑡 is an indicator variable taking a value of 1 if 

an LM word is from an annual report, and 0 otherwise. We control for the average term 

frequency of LM words in a specific year and text type (𝑇𝑒𝑟𝑚𝐹𝑟𝑒𝑞𝑖,𝑡,𝑑). Note that the sentiment 

intensity score can be affected by the overall similarity between positive and negative words, so 

we control for the cosine distance between the positive and negative centroids in annual reports 

and benchmarks (𝐺𝑟𝑜𝑢𝑝𝐷𝑖𝑠𝑡𝑡,𝑑). We also control for the heterogeneous effects of words across 

text types by including the word-domain pair fixed effect 𝛿𝑖,𝑑 . We run the regression model 

separately for positive and negative words on the sample sets of annual report – conference call 

and annual report – financial news, respectively, with robust standard errors clustered at the 

word-domain and year level. We report the results in Table 2. 

[Insert Table 2 here] 

Columns (1) and (3) of Table 2 show that the coefficients on 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 × 𝑅𝑒𝑝𝑜𝑟𝑡 are 

not significant for positive words in the LM dictionary. This indicates no significant difference 

between the sentiment intensity trend of positive words in the annual reports and in the 

benchmark texts (conference calls or financial news). However, the data shown in Columns (2) 

and (4) in Table 2 indicate that the coefficients of 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 × 𝑅𝑒𝑝𝑜𝑟𝑡  are negative and 

significant at the 1% level for LM negative words, suggesting that the negative words in annual 

reports gradually become relatively less negative over time compared to those in conference calls 

or financial news. 
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Additional Analyses 

We next examine how the implementation of the SOX 404 controls influences the sentiment 

intensity of LM dictionary words. The SOX 404 controls implemented in 2002 (see Figure 3) 

required firms to disclose any potential risks and internal vulnerabilities in their annual reports. 

Thus, managers may be more cautious about using negative words when reporting bad news. We 

replace the year trend variable 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 in Equation (1) with 𝐴𝑓𝑡𝑒𝑟𝑆𝑂𝑋, an indicator that takes 

a value of 1 for years after 2002 and 0 otherwise. Since we do not have data for conference calls 

before 2003, we only analyze the annual report – financial news sample set. The results are 

reported in Table 3. As expected, the coefficient on 𝐴𝑓𝑡𝑒𝑟𝑆𝑂𝑋 × 𝑅𝑒𝑝𝑜𝑟𝑡 for negative words is 

negative and significant at the 1% level, meaning that LM negative words evolve significantly 

after the SOX 404 controls are implemented. 

[Insert Table 3 here] 

We further validate our results by examining the awareness effect of business-context 

lexicons. We assess the sentiment intensity before and after the publication year of the LM 

dictionary, which enables us to identify whether the word sentiment evolution in annual reports 

is driven by managers strategically adjusting their language because of the availability of the LM 

dictionary. The rationale behind this is that managers may believe that many investors or even 

automated investing programs will use the LM dictionary to quantify the sentiment level, which 

will help form their investing decisions. Thus, managers are incentivized to avoid using LM 

negative words in their reports. We replace the year trend variable 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 in Equation (1) 

with the indicator 𝐴𝑓𝑡𝑒𝑟𝐿𝑀,  which takes a value of 1 for years after 2011, the official 

publication year of the LM dictionary, and 0 otherwise. The results are reported in Table 4. 

Consistent with our expectations, we find a negative and significant coefficient for the 
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interaction term 𝐴𝑓𝑡𝑒𝑟𝐿𝑀 × 𝑅𝑒𝑝𝑜𝑟𝑡 for negative words in both sample sets, suggesting that the 

publication of the LM dictionary influences the evolutionary pattern of sentiment words in 

annual reports.  

[Insert Table 4 here] 

An alternative approach to verify whether awareness of a sentiment dictionary plays a 

role in the identified word evolution is to apply the H4 dictionary (introduced in 1996), another 

popular dictionary researchers used to quantify the sentiment of documents [62] before the 

publication of the LM dictionary. We expect that sentiment words defined by both the LM and 

H4 dictionaries will be of relatively greater intensity, and thus managers are likely to be more 

cautious when using these words to communicate with investors. Therefore, we extend the 

previous model specification in Equation (2): 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑡,𝑑 = 𝛽0 + 𝛽1 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 + 𝛽2 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 × 𝑅𝑒𝑝𝑜𝑟𝑡
+ 𝛽3 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 × 𝐻𝑎𝑟𝑣𝑎𝑟𝑑 + 𝛽4 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 × 𝑅𝑒𝑝𝑜𝑟𝑡 × 𝐻𝑎𝑟𝑣𝑎𝑟𝑑
+ 𝛽5 𝑇𝑒𝑟𝑚𝐹𝑟𝑒𝑞𝑖,𝑡,𝑑 + 𝛽6 𝐺𝑟𝑜𝑢𝑝𝐷𝑖𝑠𝑡𝑡,𝑑 + 𝛿𝑖,𝑑 + 𝜀𝑖,𝑡, 

(2) 

where 𝐻𝑎𝑟𝑣𝑎𝑟𝑑 is an indicator that takes a value of 1 if an LM word is also defined by the H4 

dictionary, and 0 otherwise. We expect that the lexicon awareness effect, captured by the three-

way interaction term 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 × 𝑅𝑒𝑝𝑜𝑟𝑡 × 𝐻𝑎𝑟𝑣𝑎𝑟𝑑 , will be negative and significant. 

Columns (2) and (4) in Table 5 show that the coefficients associated with 𝑌𝑒𝑎𝑟𝑁𝑢𝑚 ×

𝑅𝑒𝑝𝑜𝑟𝑡 × 𝐻𝑎𝑟𝑣𝑎𝑟𝑑 are negative and significant, indicating that the decrease in the sentiment 

intensity of LM negative words in annual reports is relatively greater if the words are also 

included in the H4 dictionary. Together with the previous analysis, we conclude that LM 

negative words in annual reports change differently from those in conference calls and financial 

news, which can be explained by managers’ strategic reporting behavior. 

[Insert Table 5 here] 
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Business Impact of Word Sentiment Evolution 

In the previous section, we provide empirical evidence that the sentiment intensity of LM 

negative words in annual reports weakens over time. In this section, we consider the business 

implications of word sentiment evolution and assess whether our refined sentiment measures 

generated from WOLVES can provide insights into market reactions, firms’ fundamental 

performance, and accounting fraud. 

Sample and Variables Construction 

The previous section indicates that word sentiment evolution in annual reports follows a unique 

pattern. We thus focus on the MD&A section, one of the most important sections of annual 

reports where firms summarize their current financial performance and provide insights into their 

prospects [7]. The literature has heavily relied on MD&A to establish the association between 

disclosure tone and financial indicators like market reaction, trading volume, and return volatility 

[8,9,16,58]. Besides, we focus our analysis on negative words because of the pattern observed in 

our earlier analysis and because the previous study suggests that, in terms of annual reports, only 

negative words are informative [41]. 

Our initial sample contains 192,916 text filings for 10-Ks and 10-K405s from EDGAR 

during 1997-2018. We follow Loughran and McDonald [41] and apply several filtering rules to 

construct our final sample, which contains 63,508 observations from 9,404 firms. The data 

generation process, the summary statistics of variables, and their definitions are summarized in 

Appendix E. The event period excess return relative to the 10-K filing date is represented by 

𝐶𝐴𝑅[0,3], measured as the firm’s buy-and-hold stock return minus the CRSP value-weighted buy-
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and-hold market index return over the 4-day event window (days 0-3) [41].15 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 is the 

earnings of the next fiscal year, normalized by total assets. Finally, 𝐹𝑟𝑎𝑢𝑑𝑡+1 is an indicator 

taking the value of 1 if any quarterly financial statement in the next fiscal year is deemed 

fraudulent and 0 otherwise. We extract firms’ fraudulent earnings statements from the Audit 

Analytics restatements database via the Wharton Research Data Services (WRDS).16 We identify 

188 firm-year observations related to fraudulent earnings statements issued by 119 unique firms 

in the next fiscal year. 

We include a set of control variables that are commonly used in previous studies [17,41]: 

(1) 𝑃𝑟𝑒𝐹𝐹𝐴𝑙𝑝ℎ𝑎, calculated as the intercept from a Fama-French three-factor model estimated 

prior to the filing date; (2) 𝐼𝑛𝑠𝑡𝑂𝑤𝑛𝑒𝑟𝑠ℎ𝑖𝑝, calculated as the percent of institutional ownership 

reported in the CDA/Spectrum database for the most recent quarter before the filing date. (3) 

𝐿𝑜𝑔(𝑆𝑖𝑧𝑒), calculated as the natural logarithm of market capitalization, based on data from 

COMPUSTAT at the end of the fiscal year;  (4) 𝐿𝑜𝑔(𝐵𝑜𝑜𝑘 − 𝑡𝑜 − 𝑀𝑎𝑟𝑘𝑒𝑡), calculated as the 

natural logarithm of the book-to-market ratio, based on data from COMPUSTAT at the end of 

the fiscal year; (5) 𝑁𝐴𝑆𝐷𝐴𝑄, a dummy variable with value 1 if the firm traded on NASDAQ and 

0 otherwise; (6) 𝐿𝑜𝑔(𝑆ℎ𝑎𝑟𝑒𝑇𝑢𝑟𝑛𝑜𝑣𝑒𝑟), calculated as the natural logarithm of share turnover. 

When regressing for future earnings performance ( 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 ), we follow Li [35] to 

additionally control current earnings performance ( 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡 ), the standard deviation of 

earnings in the previous five years (𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑉𝑜𝑙), and the pre-filing return’s root-mean-squared 

error (𝑃𝑟𝑒𝐹𝐹𝑅𝑀𝑆𝐸). For the accounting fraud regression, following Richardson et al. [55], we 

further extend the control variables in the future earnings performance regression to include total 

 
15 Loughran and McDonald [41] leverage the abnormal stock return during the trading window [0, +3] to validate 

the informativeness of their proposed LM dictionary. We thus follow their setting to use the trading window [0, +3]. 

Our results are qualitatively consistent if using another commonly used trading window [0, +1] [17]. 
16 We accessed the database in October 2021. 
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accruals (𝐴𝑐𝑐𝑟𝑢𝑎𝑙𝑠), measured as the net operating profit minus the cash flow from operations, 

scaled by total assets. 

We assign LM negative words into three evenly distributed groups based on their rankings 

in terms of sentiment intensity score for each year. We measure the ratio of words with sentiment 

intensity scores in the top third to the total number of words appearing in MD&A as 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 for each firm-year pair. Similarly, sentiment variables with words in the middle 

and bottom thirds are labeled 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷  and 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇 , respectively. Doing so can 

directly validate what kind of negative words are more informative. We expect that words with 

higher sentiment intensity scores are more informative. We also follow the literature [41] to 

construct a common variable 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀 using all LM negative words as the benchmark. This 

comparison allows us to see whether the proposed sentiment variable performs better than the 

existing one used by the literature. We only report the main findings here and provide the full 

regression estimation results in Appendix E. 

Market Reaction 

We first investigate how investors react to negative words with differing levels of sentiment 

intensity. We expect high-intensity negative words to trigger stronger market reactions. We thus 

regress 𝐶𝐴𝑅[0,3]  on the four negative sentiment variables ( 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 , 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷 , 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇, and 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀) and all of the relevant control variables used by Loughran and 

McDonald [41]. 

Table 6 reports the results of our regression estimation with firm and year fixed effects.17 

First, we find that the relationship between 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀 and 𝐶𝐴𝑅[0,3] is not significant. Columns 

(2)-(4) of Table 6 indicate that only the estimate of 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 is negative and significant at 

 
17 The results remain qualitatively consistent when we follow the regression model of Fama and MacBeth [14], in 

which a standard error with one lag is applied. 
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the 5% level. Economically, a one-standard-deviation increase in the ratio of high-intensity 

negative words is associated with a 0.160% decrease in excess returns. This negative and 

significant result still holds when we include all 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃, 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷, and 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇 

in the same regression (Column (5)). These results confirm that negative words with higher 

sentiment intensity are more informative, as they are associated with stronger market reactions.  

Existing findings on the efficacy of the dictionary-based approach in explaining market 

reactions are mixed. For example, Loughran and McDonald [41] find that dictionary-based 

sentiment measures can explain market reaction, but Frankel et al. [17] find that when they 

extend their sample period from 1996-2008 to 1996-2019, the measures lose their explanatory 

power, suggesting that the informativeness of sentiment words changes over time. Our results 

support this suggestion as the sentiment measure from Loughran and McDonald [41] 

(𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀) has no impact on market reaction in our analysis. By incorporating the effect of 

word sentiment evolution, we may contribute to the literature by reconciling the inconsistent 

findings when using the dictionary-based approach to explain market reaction [17,25,41]. 

[insert Table 6 here] 

Earnings Performance 

We next examine whether LM negative words in the MD&A sections of annual reports can help 

predict the fundamental performance of firms. As indicated in the previous analysis, negative 

words with higher sentiment intensity have a stronger effect, so we expect them to be better able 

to predict future performance. To test this hypothesis, we regress future earnings on the three 

negative sentiment level variables. We include relevant control variables, following Henry and 

Leone [25]. 
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We use firm and year fixed effects in our regression estimation to strengthen our analysis. 

The results in Table 7 show that 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀  is negatively and significantly associated with 

𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1, which is consistent with the literature [25].18 By comparing the three variables, we 

find that only negative words with higher sentiment intensity exhibit a strong association with 

poor future performance. 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 is significantly associated with 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 at the 1% 

level, with a one-standard-deviation increase in the ratio of high-intensity negative words leads 

to a decrease in 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 that is 5.27% (0.00538/0.102) of its standard deviation. Column 

(5) in Table 7 shows that only 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 is negative and significant when all three negative 

sentiment variables are included in the regression model. In summary, we find that negative 

words with higher sentiment intensity are able to predict future corporate performance to a 

greater degree than those with lower sentiment intensity, indicating that sentiment words can 

change over time and that stronger sentiment words have a more consistent effect. 

[insert Table 7 here] 

Accounting Fraud 

We next investigate whether negative words with higher sentiment intensity are more 

informative in predicting future accounting fraud, in addition to market reaction and fundamental 

performance. We define a firm is with future accounting fraud if any of its quarterly financial 

statements in the next fiscal year is deemed fraudulent afterward. We apply a logistic regression 

model to regress 𝐹𝑟𝑎𝑢𝑑𝑡+1 on the three proposed negative sentiment variables (𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃, 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷, 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇) and the benchmark (𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀), together with the same set of 

control variables from Table 7. We also include an industry dummy, following Fama and French 

[13] and a year dummy in each regression. 

 
18 Li [35] and Henry and Leone [24] only focus on forward-looking statements in MD&A. In contrast, we analyze 

the whole MD&A section. 
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Table 8 reports the regression results. Consistent with the finding of Loughran and 

McDonald [41], 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀 is not significantly associated with fraudulent earnings statements. 

Interestingly, columns (2)-(4) of Table 8 show that 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑇𝑂𝑃 is positive and significant at 

the 5% level, while 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷 and 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇 are not significant in predicting 𝐹𝑟𝑎𝑢𝑑𝑡+1. 

Specifically, the coefficient of 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 (0.185 in Column (2)) suggests that a one-standard-

deviation increase in the ratio of high-intensity negative words leads to a 20.3% increase in the 

odds of fraud. The results from the last regression (Column (5)), which includes all three 

negative sentiment variables, are consistent with the other regressions. The predictive value of 

disclosure sentiment for public firms’ future risk, including stock return volatility and 

bankruptcy, has been established in prior research [10,44]. We add to this body of literature by 

showing that a more effective sentiment measure will associate stronger with firms’ future fraud 

activities. 

[insert Table 8 here] 

Robustness Checks 

We conduct a battery of robustness checks to strengthen our results, which are summarized in 

Appendix F. First, to further support that the new sentiment measure constructed by WOLVES 

can reconcile the inconsistent findings in the literature, we replicate our regression analyses of 

market reactions using two sample periods: (1) the LM sample period that follows Loughran and 

McDonald [41] to cover firm-year observations only before 2008 and (2) the full sample period 

that covers all firm-year observations. To align with the setting in Frankel et al. [17], we use the 

whole annual report sample to construct sentiment measures and investigate their associations 

with market reaction. The results of the LM sample period reveal that both 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀  and 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 are negatively and significantly associated with the market reaction. However, the 
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association between 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀  and market reaction substantially weakens and becomes 

insignificant in the full sample period. In contrast, the association between 𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃 and 

market reaction remains statistically significant at the 10% level. These findings imply that our 

proposed WOLVES algorithm can construct more effective sentiment measures. 

Second, the current regression analyses are based on the MD&A section of annual 

reports, which may have a generalizability issue. We thus replicate the regression analyses using 

the whole annual report text. The results are consistent with our main findings. We also replicate 

the analyses using the conference call dataset. The results are consistent with our main argument 

that words with a larger sentiment intensity score are more informative in predicting various 

important financial indicators. Note that we do not replicate the analyses using financial news as 

it is not generally considered as company disclosure, and it is extremely noisy to match the news 

data to the firm’s financial data. 

Third, we run a series of sensitivity tests to check how WOLVES perform according to 

different sets of hyperparameters. We vary the vector dimensionality (from 300 to 250 and 350) 

and the window size for choosing neighboring words (from 5 to 4 and 6) when constructing 

word2vec. Our results still hold under different hyperparameter settings. 

Discussion and Implications 

In this study, we propose WOLVES which combines the word embedding approach and a 

predefined word list to quantify word sentiment evolution in financial text. With WOLVES, we 

find that the sentiment intensity of LM negative words decreases over time in annual reports but 

not in conference calls or financial news. We attribute this phenomenon to managers adjusting 

their language in an attempt to avoid or mitigate negative perceptions from investors. We also 

find that the sentiment measure generated by WOLVES in annual reports can consistently 
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predict market reaction, firm future performance, and fraudulent statements. These findings have 

several implications for academic researchers and practitioners. 

First, our study contributes to the emerging research into human-AI interactions which 

focuses on either the effect of AI on human behavior in various tasks [5,40,49] or on how human 

input and feedback influence AI performance [20,53]. Our study provides insights into human-

AI interactions in the complex financial market context. Our evidence that managers leverage 

business-context lexicons to adjust their use of negative words in an attempt to control investors’ 

negative perceptions reveals how the development of sentiment lexicons can influence 

managers’ behavior. We demonstrate that the sentiment intensity of LM negative words 

significantly drops over time: (1) after the implementation year (2002) of the SOX 404 controls, 

(2) after the publication year (2011) of the LM dictionary, or (3) when the words also appear in 

the H4 dictionary. On the other hand, we demonstrate how the strategic disclosure behavior of 

managers alters the effectiveness of lexicons and their ability to capture investors’ sentiment. We 

also propose WOLVES, a new algorithm for adjusting AI strategies in response to this behavior. 

Our empirical analysis shows that only negative words with a sustained sentiment intensity can 

effectively predict market reaction, corporate performance, or accounting fraud. Consequently, 

intelligent machines based on lexicons will become less useful in the sentiment analysis of 

financial text if they do not account for word evolution. Our study thus makes a unique 

contribution to the understanding of human-AI interaction in financial text analysis. 

Second, we contribute to quantitative examinations of word evolution and human 

language change in the financial context. Other research has related language evolution and 

semantic changes in words to factors such as word frequency [24], word nature [24], cultural 

change [30,50], and grammatical rules [38]. Our study suggests that word evolution can be 
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driven by managers’ adversarial behavior, as they struggle to resist the effects of automatically 

extracting sentiment via computer programs. Other studies suggest that managers have incentives 

to withhold bad news [31], speculate on buzzwords [6], and manage tone [1,27]. As the text-

based sections of disclosures are less precise in nature than the quantitative parts, managers are 

more able to manipulate them. We identify this effect by examining annual reports, in which 

authors (managers) have adequate time and strong incentives to adjust word usage, but not in 

conference calls or financial news, in which managers or authors do not have the time or 

incentives to manipulate the text content. We provide evidence that the sentiment intensity of 

LM negative words in annual reports, relative to conference calls and financial news, diminishes 

over time. Our results suggest that an adversarial approach may have a role in language 

evolution, which is, to our knowledge, a novel idea in linguistic literature. 

Finally, our study provides important implications for practitioners applying textual 

analysis to financial text analysis. We extend earlier studies that apply deep learning and 

advanced NLP techniques to reveal how financial text can be used for sentiment signaling. 

Although some studies have explored word embedding for enhancing sentiment word lists, their 

approaches mainly rely on a static word embedding model, ignoring the importance of the 

evolutionary effect of word meanings (see Appendix A). We show that WOLVES can 

effectively quantify the semantic meanings of words, which can inform how LM words change 

their intended sentiment over time. We can then apply WOLVES to dynamically revise and 

update lexicons to ensure the validity of the dictionary-based textual analysis. This data-driven 

approach keeps human effort to a minimum [26,37], which is highly desirable when handling big 

data in finance research [21]. We further illustrate the practical value of our proposed method by 

showing that the sentiment intensity score can serve as a powerful yet simple weighting scheme 
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for constructing a more reliable sentiment measure. Unlike studies that consider word frequency 

[41] or market information [28], our proposed weighting scheme considers the dynamic semantic 

change of words and is, therefore, novel, practical, and conceptually sound. Our study also 

extends existing research that captures word importance via their discriminative power of 

classifying a document’s sentiment, which requires a human label for each document [71]. By 

using a human-generated word list and high-dimensional word embedding vector representation, 

our method does not rely on a training sample where sentiment labels are required. 

Limitations and Future Directions 

Our study has several limitations, which can inform future research. First, we train the word 

embedding models independently for each calendar year. We thus implicitly assume that all 

word embedding spaces are independent, but this does not consider temporal dependence, which 

may be crucial to understanding word evolution. Extending the word embedding model to 

account for temporal-correlated text data can be beneficial in future research. Second, we only 

study word evolution in financial text from the sentiment perspective. Investigating this 

evolution in terms of other linguistic dimensions, such as litigious, uncertain, and strong modals, 

can be valuable and is feasible through the application of various predefined business-context 

dictionaries [4,41]. Finally, we limit our focus to two specific types of corporate disclosure: 

annual reports and earnings conference calls. Different types of financial narratives (e.g., 

analysts’ reports and word-of-mouth through social media for financial services) can also be 

examined to reveal other underlying mechanisms of the word evolution. We can further 

investigate the word sentiment evolution across different press media to uncover any 

heterogeneous effect among different news outlets and news editors. 
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Conclusion 

In conclusion, this paper presents a novel algorithm, Word List Vector for Sentiment 

(WOLVES), which drastically enhances traditional sentiment analysis techniques by leveraging 

the dynamic nature of language. By incorporating word embedding techniques to dynamically 

update sentiment word lists according to evolving semantic meaning and sentiment strength, 

WOLVES addresses the limitations of static sentiment analysis models. Our findings reveal a 

subtler understanding of sentiment in financial texts over time, reflect strategic communication 

efforts by managers, and reconcile inconsistencies in prior research. Ultimately, this study 

underscores the potential of machine learning methods to improve the extraction of valuable 

business intelligence from financial texts, providing a foundation for future research to further 

refine these techniques. 
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List of Tables 

Table 1. Variable Definitions 

Variable Name Definition 

Intensity 

The cosine similarity of an LM word vector to the representative group vector of the 

same sentiment label minus the cosine similarity to the representative group vector of 

the opposite sentiment label. 

YearNum A consecutive year sequence capturing the year trend. 

AfterLM 
An indicator that equals 1 for years after 2011 (the publication year of the LM 

dictionary), and 0 otherwise. 

AfterSOX 
An indicator that equals 1 for years after 2002 (the implementation of SOX 404 

controls), and 0 otherwise. 

Report 
An indicator equals 1 if an LM word comes from the annual report domain, and 0 

otherwise. 

Harvard 
An indicator equals 1 if an LM word is also defined by the H4 dictionary, and 0 

otherwise. 

TermFreq 
The term frequency of an LM word. It is calculated as the average number of times the 

word appears in a document. 

GroupDist 
One minus the cosine similarity between the groups of positive and negative word 

vectors. 

 

Table 2. Word Sentiment Evolution in Annual Reports 

  Annual Reports vs. Conference Calls Annual Reports vs. Financial News 

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

Variables 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 

Constant 0.00631 -0.146 -0.0442 -0.132** 

 (0.162) (-2.011) (-1.227) (-4.212) 

YearNum 7.85e-05 0.000809 0.00182** 0.000900* 

 (0.209) (1.896) (4.048) (2.481) 

YearNum × Report 0.000559 -0.00236** -0.000788 -0.00202** 

 (1.153) (-4.770) (-1.460) (-6.570) 

TermFreq 0.00233 -0.00194 -0.00319 -0.00445* 

 (0.882) (-1.081) (-1.163) (-2.338) 

GroupDist 0.245** 0.415** 0.315** 0.425** 

 (4.715) (4.377) (6.258) (9.422) 

Word-Domain FE Yes Yes Yes Yes 

# of Observations 8,320 23,680 11,836 51,172 

Adjusted R2 0.897 0.858 0.852 0.851 

Notes. Robust t-statistics based on standard errors clustered by word-domain and year are shown in 

parentheses below the coefficients. ** and * indicate significance at the 0.01 and 0.05 levels, respectively. 
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Table 3. Effect of the SOX 404 Controls on the Word Sentiment Evolution in Annual Reports 

  Annual Reports vs. Financial News 

 (1) (2) 

Variables 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 

Constant -0.171** -0.200** 

 (-4.019) (-9.447) 

AfterSOX 0.00275 -0.00152 

 (0.623) (-0.464) 

AfterSOX × Report 0.00490 -0.0155** 

 (0.852) (-3.454) 

TermFreq -0.00181 -0.00605** 

 (-0.720) (-2.887) 

GroupDist 0.499** 0.524** 

 (8.616) (17.91) 

Word-Domain FE Yes Yes 

# of Observations 11,836 51,172 

Adjusted R2 0.851 0.851 

Notes. Robust t-statistics based on standard errors clustered by word-domain and year are shown in 

parentheses below the coefficients. ** indicates significance at the 0.01 level. 

 

 

 

Table 4. Effect of the LM Dictionary on the Word Sentiment Evolution in Annual Reports 

  Annual Reports vs. Conference Calls Annual Reports vs. Financial News 

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

Variables 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 

Constant -0.0240 -0.138 -0.0784 -0.0511 

 (-0.662) (-1.294) (-1.938) (-1.597) 

AfterLM -0.00193 0.00412 0.0201** 0.0244** 

 (-0.610) (0.903) (2.930) (4.559) 

AfterLM × Report 0.00626 -0.0142* -0.0118 -0.0318** 

 (1.575) (-2.396) (-1.571) (-5.263) 

TermFreq 0.00287 -0.00370 -0.00112 -0.00595* 

 (1.153) (-1.921) (-0.452) (-2.762) 

GroupDist 0.288** 0.401** 0.374** 0.313** 

 (6.218) (2.959) (6.747) (7.150) 

Word-Domain FE Yes Yes Yes Yes 

# of Observations 8,320 23,680 11,836 51,172 

Adjusted R2 0.897 0.857 0.853 0.846 

Notes. Robust t-statistics based on standard errors clustered by word-domain and year are shown in 

parentheses below the coefficients. ** and * indicate significance at the 0.01 and 0.05 levels, respectively. 
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Table 5. Effect of the H4 Dictionary on Word Sentiment Evolution in Annual Reports 

  Annual Reports vs. Conference Calls Annual Reports vs. Financial News 

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

Variables 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑃𝑂𝑆 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝐸𝐺 

Constant 0.00596 -0.146 -0.0441 -0.132** 
 (0.152) (-2.012) (-1.224) (-4.215) 

YearNum 0.000340 0.000498 0.00199** 0.000699 
 (0.697) (1.123) (3.612) (1.964) 

YearNum × Report -0.000134 -0.00174** -0.00114 -0.00150** 
 (-0.237) (-3.257) (-1.677) (-4.584) 

YearNum × Havard -0.000609 0.00102** -0.000398 0.000688* 
 (-1.111) (4.092) (-0.494) (2.327) 

YearNum × Report × 

Harvard 
0.00168 -0.00209** 0.000869 -0.00183** 

 (2.042) (-4.360) (0.915) (-4.453) 

TermFreq 0.00127 -0.00137 -0.00375 -0.00378 
 (0.454) (-0.763) (-1.334) (-1.991) 

GroupDist 0.246** 0.415** 0.315** 0.425** 
 (4.709) (4.379) (6.255) (9.427) 

Word-Domain FE Yes Yes Yes Yes 

# of Observations 8,320 23,680 11,836 51,172 

Adjusted R2 0.897 0.858 0.853 0.852 

Notes. Robust t-statistics based on standard errors clustered by word-domain and year are shown in 

parentheses below the coefficients. ** and * indicate significance at the 0.01 and 0.05 levels, respectively. 

 

Table 6. Filing Period Excess Return Regression 

  (1) (2) (3) (4) (5) 

Variables 𝐶𝐴𝑅[0,3] 𝐶𝐴𝑅[0,3] 𝐶𝐴𝑅[0,3] 𝐶𝐴𝑅[0,3] 𝐶𝐴𝑅[0,3] 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀 -0.00148     

 (-1.765)     
𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃  -0.00160*   -0.00145* 

  (-2.370)   (-2.403) 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷   -0.000900  -0.000611 

   (-1.322)  (-0.942) 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇    -0.000182 0.000181 

    (-0.257) (0.260) 

Controls and Constant Yes Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes 

# of Observations 53,182 53,182 53,182 53,182 53,182 

Adjusted R2 0.0553 0.0553 0.0552 0.0551 0.0553 

Notes. For easy comparison, we apply z-score normalization to all sentiment measures. Robust t-statistics 

based on standard errors clustered by firm and year are shown in parentheses below the coefficients. ** 

and * indicate significance at the 0.01 and 0.05 levels, respectively. 
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Table 7. Earnings Performance Regression 

  (1) (2) (3) (4) (5) 

Variables 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 𝐸𝑎𝑟𝑛𝑖𝑛𝑔𝑠𝑡+1 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀 -0.00508**     

 (-3.193)     
𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃  -0.00538**   -0.00475* 

  (-3.094)   (-2.709) 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷   -0.00252  -0.00128 

   (-1.959)  (-1.003) 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇    -0.00162 -0.000591 

    (-1.452) (-0.493) 

Controls and Constant Yes Yes Yes Yes Yes 

Firm FE Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes 

# of Observations 43,510 43,510 43,510 43,510 43,510 

Adjusted R2 0.617 0.617 0.617 0.617 0.617 

Notes. For easy comparison, we apply z-score normalization to all sentiment measures. Robust t-statistics 

based on standard errors clustered by firm and year are shown in parentheses below the coefficients. ** 

and * indicate significance at the 0.01 and 0.05 levels, respectively. 

 

 

 

Table 8. Accounting Fraud Regression 

  (1) (2) (3) (4) (5) 

Variables 𝐹𝑟𝑎𝑢𝑑𝑡+1 𝐹𝑟𝑎𝑢𝑑𝑡+1 𝐹𝑟𝑎𝑢𝑑𝑡+1 𝐹𝑟𝑎𝑢𝑑𝑡+1 𝐹𝑟𝑎𝑢𝑑𝑡+1 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐿𝑀 0.116     

 (1.323)     
𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑇𝑂𝑃  0.185*   0.210* 

  (2.184)   (2.296) 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝑀𝐼𝐷   0.0418  -0.0110 

   (0.486)  (-0.115) 

𝑁𝑒𝑔𝑇𝑜𝑛𝑒𝐵𝑂𝑇    -0.0441 -0.0914 

    (-0.492) (-0.961) 

Controls and Constant Yes Yes Yes Yes Yes 

Industry FE Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes 

# of Observations 39,594 39,594 39,594 39,594 39,594 

Log likelihood -852.8 -851.5 -853.6 -853.6 -851 

Pseudo R2 0.0717 0.0732 0.0709 0.0709 0.0737 

Notes. For easy comparison, we apply z-score normalization to all sentiment measures. ** and * indicate 

significance at the 0.01 and 0.05 levels, respectively 
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List of Figures 

Figure 1. PCA Analysis of LM Word Embedding in Annual Reports 

 

Notes. The following steps are used to generate this figure. First, for each year, we train a word 

embedding model using all annual reports from that year. Second, we apply the trained yearly model to 

calculate the word embedding vectors of all LM words. Third, we align the word embedding vector 

across years by using the Procrustes transformation [22]. Finally, PCA is applied to project the high-

dimensional vectors into two-dimensional vectors, with a blue (pink) point representing a positive 

(negative) word. 

    For visualization purpose, we apply PCA to reduce the dimension of embedding vectors from 300 to 

2. Such significant data compression will influence the geometrical distance between embeddings and 

thus affects the visualized clusters. To better interpret the results, we provide some statistics below to 

show that the embedding vectors of the sentiment words are generally closer to their own centroid than 

to the opposite centroid: 

(a) Average cosine similarity between positive words to the positive centroid: 0.2671 

(b) Average cosine similarity between negative words to the negative centroid: 0.2426 

(c) Average cosine similarity between positive words to the negative centroid: 0.0657 

(d) Average cosine similarity between negative words to the positive centroid: 0.0597 
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Figure 2. The WOLVES Algorithm 

Input:  

(1) Corpus split in year 𝐶 = [𝑐1, … , 𝑐𝑇] where T is the number of years in the corpus, 

(2) A positive word list 𝑊𝐿𝑝 = [𝑤𝑝,1, … , 𝑤𝑝,𝑁𝑝
] where 𝑁𝑝 is the number of elements in 𝑊𝐿𝑝, and  

(3) A negative word list 𝑊𝐿𝑛 = [𝑤𝑛,1, … , 𝑤𝑛,𝑁𝑛
] where 𝑁𝑛is the number of elements in 𝑊𝐿𝑛. 

Output:  

      Sentiment intensity scores for each word in the positive word list for each year: 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑝 = [𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦1,1, … , 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝑝,𝑇] 

      Sentiment intensity scores for each word in the negative word list for each year: 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑛 = [𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦1,1, … , 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑁𝑛,𝑇] 

 

For t=1 to T 

Select corpus 𝑐𝑡 from 𝐶  

Conduct preprocessing on 𝑐𝑡 

Train a word2vec model 𝑚𝑡 using 𝑐𝑡 

Use model 𝑚𝑡 to generate embedding vectors for all words in 𝑊𝐿𝑝: 𝑉𝑝,𝑡 = [𝑣𝑝,1,𝑡 … , 𝑣 𝑝,𝑁𝑝,𝑡] 

Use model 𝑚𝑡 to generate embedding vectors for all words in 𝑊𝐿𝑛: 𝑉𝑛,𝑡 = [𝑣𝑛,1,𝑡 … , 𝑣𝑛,𝑁𝑛,𝑡] 

 

Update 𝑉𝑝,𝑡 and 𝑉𝑛,𝑡 to remove word vectors with the ambiguous sentiment: 

𝑉𝑝,𝑡
′ = [𝑣𝑝,𝑖,𝑡  for 𝑣𝑝,𝑖,𝑡  in 𝑉𝑝,𝑡  if cos (𝑣𝑝,𝑖,𝑡 , 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑝,𝑡)) − cos (𝑣𝑝,𝑖,𝑡 , 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑛,𝑡)) > 𝜂]  and 

𝑉𝑛,𝑡
′ = [𝑣𝑛,𝑖,𝑡  for 𝑣𝑛,𝑖,𝑡  in 𝑉𝑛,𝑡  if cos (𝑣𝑛,𝑖,𝑡 , 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑛,𝑡)) − cos (𝑣𝑛,𝑖,𝑡, 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑝,𝑡)) > 𝜂], 

where 𝑐𝑜𝑠( ∙ , ∙ ) is the cosine similarity function, 𝑎𝑣𝑒𝑟𝑎𝑔𝑒( ∙ ) is the component-wise mean function, 

and 𝜂 is a hyperparameter controlling the proportion of sentiment words in calculating sentiment 

centroids. 

 

Calculate the centroid based on positive word vectors in 𝑉𝑝,𝑡
′ : 𝑉̅𝑝,𝑡

′ = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑝,𝑡
′ ) 

Calculate the centroid based on negative word vectors in 𝑉𝑛,𝑡
′ : 𝑉̅𝑛,𝑡

′ = 𝑎𝑣𝑒𝑟𝑎𝑔𝑒(𝑉𝑛,𝑡
′ ) 

For i=1 to 𝑁𝑝 

        Calculate the sentiment intensity score of 𝑤𝑝,𝑖 in 𝑊𝐿𝑝 : 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑡  = 𝑐𝑜𝑠(𝑣𝑝,𝑖,𝑡, 𝑉̅𝑝,𝑡
′ ) − 𝑐𝑜𝑠(𝑣𝑝,𝑖,𝑡, 𝑉̅𝑛,𝑡

′ ) 

Endfor 

For j=1 to 𝑁𝑛 

        Calculate the sentiment intensity score of 𝑤𝑛,𝑗 in 𝑊𝐿𝑛 : 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑗,𝑡  = 𝑐𝑜𝑠(𝑣𝑛,𝑗,𝑡 , 𝑉̅𝑛,𝑡
′ ) − 𝑐𝑜𝑠(𝑣𝑛,𝑗,𝑡 , 𝑉̅𝑝,𝑡

′ ) 

Endfor 

Endfor 
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Figure 3. Sentiment Intensity Trends of LM Words in the Three Financial Text Types 

Positive Word Trend 

 

Negative Word Trend 

 

Notes. This figure provides a model-free analysis of the trends of the average sentiment intensity score of LM 

words across years and the three text types. For each year, we calculate the average sentiment intensity score of all 

positive and negative words in the annual reports, conference calls, and financial news, respectively. To get rid of 

the influence of other factors, we run the following regression model for each LM word 𝑖 in a specific year 𝑦 from 

a domain 𝑑: 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑡,𝑑 = 𝛽0 + 𝛽1 𝐺𝑟𝑜𝑢𝑝𝐷𝑖𝑠𝑡𝑡,𝑑 + 𝛽2 𝑇𝑒𝑟𝑚𝐹𝑟𝑒𝑞𝑖,𝑡,𝑑 + 𝛿𝑑 + 𝜀𝑖,𝑡 , where 𝛿𝑑 is a dummy 

variable representing the domain. Afterward, we obtain 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑡,𝑑
′ = 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑖,𝑡,𝑑 − (𝛽0 +

𝛽1 𝐺𝑟𝑜𝑢𝑝𝐷𝑖𝑠𝑡𝑡,𝑑 + 𝛽2 𝑇𝑒𝑟𝑚𝐹𝑟𝑒𝑞𝑖,𝑡,𝑑 + 𝛿𝑑) and visualize the trends according to this revised sentiment intensity 

score. The left (right) panel refers to the average revised score of positive (negative) words. 

 

Figure 4. Different Yearly Ratio of LM Words in the Three Financial Text Types 

Negative Word Ratio 

 

Pos-Neg Word Mixture Ratio 

 

Notes. This figure provides a model-free analysis of managers’ strategic communication across years and the three 

text types. The left panel presents the negative word ratio, defined as the number of negative words divided by the 

total number of words in the corpus per year. The right panel presents the positive-negative word mixture ratio, 

defined as the number of sentences containing both positive and negative words divided by the number of 

sentences in the corpus per year. 

 




