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Abstract: Understanding textual statements in firm financial reports is critical to 

investigators because they contain information about market contexts and management 

characteristics. However, textual statements in financial reports are difficult to audit and use 

and exiting studies mainly relies on analysis of numerical data financial reports. In this study, 

we propose a text mining based approach to analyze the forward-looking disclosures in 

financial reports and study their informativeness. We collected 10-K and 10-Q filings from 

SEC EDGAR Database between 2000 and 2011 and apply our approach to analyze their 

forward-looking disclosures. The empirical results show that the aggregated sentiment of 

forward-looking statement has a positive correlation with the overall future market 

performance. 

1. Introduction 

As a major communication medium between firms and investors, financial reports play an 

important role in reducing information asymmetry between firms and investors. A financial 

report (e.g. 10-K, 10-Q filings to Securities and Exchange Commission) usually contains 

numerical data and textual statements. Numerical data provide investigators accurate 

information on the financial status of a firm. However, textual statements in financial reports 

are difficult to audit and use because (1) their narrative nature hinders the utilization of 

numerical analysis techniques and tools, and (2) they can be ambiguous and incomplete due 

to corporate incentives. Understanding the textual information is critical to both financial 

researchers and practitioners. It is believed that the textual information in corporate 

disclosures can help 1) provide useful context for understanding accounting data; 2) reveal 

management characteristics and understand corporate decisions; 3) understand management 

incentives and behaviors (Li 2010). 

An example of subjective sections is the Management Discussion and Analysis (MD&A) 

in the financial statements that are required for all the public-listed firms by the U.S. SEC. 

MD&A sections typically contain narrative discussions about firm performance, financial 

conditions, and future prospects (SEC 2003).  Forward-Looking Statements (FLS) in 

MD&A sections of financial reports play an important role in reducing information 

asymmetry between firms and investors. The informativeness of forward-looking statements 

is a big concern of investors. Whether the forward-looking statements in MD&A release 



signals about a company’s future performance and whether FLS reduce the information 

asymmetry between the firm and investors are worth careful studying. Therefore, we are 

interested in examining the informativeness of the FLS in the MD&A sections of public firm 

disclosures at the market level, by means of textual analytical methods and tools. Specifically, 

we would like to address the following research questions: 

1. How can we obtain the overall sentiment from forward-looking disclosures via 

information aggregation? 

2. How informative does the aggregate sentiment provide at the market level? 

2. Research Design 

Figure 1 outlines the general design framework of the research pipeline we followed in this 

work. In this design, firstly, each financial report (including 10-Q and 10-K reports) filed 

between 2001 and 2011 is retrieved from SEC EDGAR database with Perl scripts. Then we 

extracted the MD&A sections in the filings and removed the HTML tags with textual 

processing techniques. We finally got 246887 report samples between 2001 and 2011 

(including 10-K and 10-Q). Then similarly, all MD&A sections are analyzed with a 

classification between forward-looking statements and non-forward-looking statements.  

 To perform sentiment analysis, we choose a customized financial dictionary to 

distinguish the positive and negative sentiment in each forward-looking statement. 

Aggregation of sentiments is done with market-size weighting and with a time window of one 

month. Further, we take a moving average for a period of 3 months on the monthly aggregate 

forward-looking sentiment.  To test the informativeness of aggregative sentiment within 

forward-looking disclosures, we conducted a series of regression analyses and robustness 

check 

Identify and Classify Forward-looking Statements 

In this study, we consider both annual reports (10-K filings) and quarterly reports (10-Q 

reports). We use customized textual processing techniques, which are implemented with Perl 

script language. First, we downloaded all the 10-K filings from SEC EDGAR Database 

between 2000 and 2011. Then we extracted the MD&A sections in the filings and removed 

the HTML tags. Next, we got sentences from the MD&A sections and classified them in into 

FLS and NFLS. Sentences will be categorized as FLS if they meet at least one of the 

following criteria (Muslu et al. 2011): (1) The sentence includes keywords “will” or “future”. 

(2) The sentence uses adjectives “next”, “subsequent”, “following”, “upcoming”, “incoming” 

or “coming” which is followed by “month”, “quarter”, “year”, “fiscal” or “period”. (3) The 

sentence includes any of the following verbs or their conjugations: “aim”, “anticipate”, 

“assume”, “commit”, “estimate”, “expect”, “forecast”, “foresee”, “hope”, “intend”, “plan”, 

“project”, “seek”, “target”. 

.  
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Figure 1. Research Design Framework 

The customized keyword-based method is effective in both quarterly reports since the 

main structure of MD&A sections in quarterly reports is similar to that of annual reports. One 

difference is that both the number of FLS and NFLS in quarterly reports is significantly less 

that of annual reports. The average numbers of FLS and NFLS in quarterly reports are 18 and 

176, respectively, while the corresponding numbers in annual reports are 36 and 297. We did 

a manual validation on 20 MD&As from quarterly reports with the help of research assistants 

and results show similar performance as with annual reports.  

Sentiment Extraction of Forward-looking Statements  

There are several methods of sentiment extraction that have been applied in finance and 

accounting literature, which can be generally classified into dictionary-based and 

machine-learning-based (Li 2010). In this research, we choose the financial dictionary 

developed in (Loughran and McDonald 2011). The full list of Loughran and McDonald 

Financial Sentiment Dictionaries (LMFSD) can be downloaded from http://www3.nd.edu/ 

~mcdonald/Word_Lists.html. The first reason we choose this dictionary is that LMFSD is a 

customized and context specific dictionary, which has been tested for appropriateness by 

Loughran and McDonald (2011). Second, the original data source of the dictionary is also the 

SEC filings (10-K disclosures), which is the same database of our research. 

 Specifically, we examine each FLS sentence with the LMFSD and classify the sentence 

into positive, neutral, or negative one based on the number of positive and negative words in 

the sentence, i.e., if the number of positive words is larger than that of negative we classify 



the sentence as a positive FLS and if the numbers equal, we classify it as a neutral FLS; 

otherwise as negative FLS. Finally we get the numbers of positive, neutral, and negative FLS 

in each filing. 

Aggregation of Sentiment 

We produce the aggregated sentiment for each report with the bullishness index introduced in 

(Antweiler and Frank 2004)  as follows: , = 	 1 + _1 + _  

The N_pov and N_neg represent the number of positive FLS and negative FLS for 

company c at the reporting time t (either an annual or quarterly filing date), respectively. It is 

evidence that this measure is more robust when comparing to other sentiment indexes 

(Antweiler and Frank 2004, Oh and Sheng 2011). After calculating the forward-looking 

sentiment for each report, we take aggregation on the sentiment based on the company’s 

market size. We choose 1 month as the time slice and aggregate the market-level 

forward-looking sentiment. Totally we got 132-month data of aggregated sentiment. Next we 

take averaging smooth on the aggregate sentiment within one quarter.   

Hypothesis and Empirical Model 

The aggregate sentiment is a proxy of the overall outlook of future performance that 

embedded in individual forward-looking disclosure. Due to the nature of forward-looking 

disclosures, this proxy could have leading effects on the market performance. Our technical 

processing on the textual information makes it possible to quantify the qualitative information 

embedded in the textual disclosures, which, from the perspective of disclosure interpretation, 

would lower the disclosure interpretation cost. Moreover, aggregation effect lowers the 

idiosyncratic characteristics of each company and improves the explanatory robustness of the 

proxy. Therefore, our main hypothesis is:  

The aggregated sentiment of forward-looking statement has a positive correlation with the 

overall future market performance. 

3. Data Analysis 

We collect data from several sources: (1) corporate disclosures, including annual reports 

(10-K filings) and quarterly reports (10-Q filings) from U.S. SEC EDGAR database (2) firm 

fundamental data from Compustat database via Wharton Research Data Services (WRDS) (3) 

stock market index history from S&P500, and (4) macroeconomic indicators from U.S. 

Federal Reserve Economic Data (FRED) maintained by Federal Reserve Bank of St. Louis. 

 The EDGAR database provides us the original corporate reports to extract 

forward-looking statements and sentiment information in these statements. Besides, we 

extract the basic information associated in each report, such as the firm identifier (CIK), 

report type, report date, filing date, etc. The time range of the corporate reports we covered is 



from 2001 to 2011 measured with filing date. By linking the firm identifier to Compustat 

database, we collect the market size of each company. This joining operation finally got 

246887 samples. The U.S. Federal Reserve Economic Data (FRED) provides us important 

economic data. We identified and retrieved main macroeconomic indicators for the year 2001 

to 2012. 

To choose appropriate macroeconomic variables, we chose 9 important macroeconomic 

indicators including Business Cycle, Unemployment, PPI, Payroll, M2, House Starts, 

Fed Rates, CPI, and Trade Balance based on economic literature (Flannery and 

Protopapadakis 2002) that examined their corresponding impacts on aggregate stock returns. 

By further examine their correlations, we select four indicators as the control variables, 

including Business Cycle, PPI, Nonfarm Payroll, and M2.  Table 1 reports the regression 

results for our main hypothesis. We build 6 specific models by regressing SP500_L2M on 

SENT and controlling the four macroeconomic indicators. 

Table 1 Regression Results 

 DV: SP500_L2M 
Model (1) (2) (3) (4) (5) (6) 

 Coefficient (std. error) 

Intercept 
7.313*** 
(0.043) 

7.345*** 
(0.041) 

7.241*** 
(0.046) 

4.099*** 
(0.595) 

7.009*** 
(0.063) 

3.822*** 
(0.494) 

SENT 
0.867*** 
(0.137) 

0.898*** 
(0.130) 

0.718*** 
(0.139) 

0.528*** 
(0.139) 

1.155*** 
0.130 

0.781***  
(0.126) 

CYCLE  
-0.113*** 

(0.029) 
   

-0.154*** 
(0.023) 

PPI   
0.007*** 
(0.002) 

  
 2.88E-4 
(0.002) 

PAYROLL    
2.34E-5*** 
(4.33E-6) 

 
2.40E-5*** 
(3.68E-6) 

M2     
5.52E-5*** 

(9.20E-6) 
4.31E-5*** 
(7.86E-6) 

       

F value 40.289 *** 30.204*** 27.553*** 39.234*** 43.664*** 42.746*** 
Obs. # 130 130 130 130 130 130 
Adj. R2 0.233 0.312 0.292 0.372 0.398 0.618 

Note: *** indicates p < 0.01; ** p < 0.05; * p < 0.1. 

 As shown in Table 1, the coefficients on SENT are all positive and statistically 

significant, indicating that a high aggregate forward-looking sentiment implies higher future 

market index. This result confirms our main hypothesis. From column (2) to (6), as we add 

control variables, we can see increased Adjusted R2 compared with column (1). 

4. Conclusions 

In this work, we utilized textual analytical techniques to extract the sentiments embedded in 

the forward-looking disclosures and investigated the aggregate informativeness of the 

disclosures on future aggregate market returns. The statistical analyses confirmed the 

aggregate informativeness of the sentiment information embedded in the forward-looking 



disclosures. Practically, from a market surveillance perspective, this research provides a new 

perspective to oversee the market movement. That is, from an aggregation perspective, we 

can utilize the overall sentiment in forward-looking disclosures to monitor systematic market 

movements. The leading effect of the aggregate sentiment could provide us an alternative to 

gain deeper insights about the market conditions and market movements. Further, regulators 

could also propose sector-level aggregation of sentiment based on our sentiment aggregation 

framework to gain insights on specific sectors of interests.  In the future, we need to 

fine-tune the statistical model to improve the validity of our argument. Moreover, we plan to 

develop specific market surveillance instruments based on aggregate forward-looking 

sentiment to improve the market stability and regulating efficiencies.   

References: 

1. Antweiler, Werner and Murray Z. Frank, "Is All That Talk Just Noise? The Information 

Content of Internet Stock Message Boards," The Journal of Finance, 59, 3, (2004), 

1259-1294. 

2. Flannery, Mark J and Aris A Protopapadakis, "Macroeconomic factors do influence 

aggregate stock returns," Review of Financial Studies, 15, 3, (2002), 751-782. 

3. Li, Feng, "Textual Analysis of Corporate Disclosures: A Survey of the Literature," Journal 

of Accounting Literature, 29, (2010), 143-165. 

4. Loughran, T. I. M. and Bill McDonald, "When Is a Liability Not a Liability? Textual 

Analysis, Dictionaries, and 10-Ks," The Journal of Finance, 66, 1, (2011), 35-65. 

5. Muslu, V., Radhakrishnan, S., Subramanyam, K., and Lim, D. 2011. "Firm’s Information 

Environment and Forward-Looking Disclosures in the Md&a, Working Paper 

Http://Www.Utdallas.Edu/~Vmuslu/Msrl%20(2011).Pdf." 

6. Oh, C. and Sheng O.R.L., "Investigating Predictive Power of Stock Micro Blog Sentiment 

in Forecasting Future Stock Price Directional Movement," International Conference on 

Information Systems (ICIS 2011), (2011).  

7. SEC. "Interpretation: Commission Guidance Regarding Management's Discussion and 

Analysis of Financial Condition and Results of Operations. Available at 

Http://Www.Sec.Gov/Rules/Interp/33-8350.Htm.", 2003. 

 


