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A Law360 Pulse survey from March indicates that large numbers of attorneys are using 
artificial intelligence tools for an increasing variety of tasks, such as legal research and 
document creation.1 Given this increased use of AI, one might also ask whether such 
tools can be helpful in undertaking data-driven assessments of litigation — particularly 
in the area of securities class actions. 

In this article, we show how AI-based review of complaint text can enhance 
securities litigation analysis in two ways. 

First, it enables more systematic identification of comparable cases by extracting a 
broader set of case characteristics. Second, it improves the ability to predict settlement 
amounts.2 Using a database of hundreds of securities settlements, we find that measures 
of tone and certainty in complaints improve the accuracy of settlement predictions, 
particularly for larger cases. 

These improvements are made possible by developments in AI, which allow for 
the extraction and analysis of large volumes of free-form text, such as complaints, or 
unstructured data. In comparison, data analysis has historically relied on information 
collected in standardized formats, or structured data, and manual review of limited 
amounts of unstructured data. 
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We also note the limits of what AI-assisted review can accomplish. In particular, 
certain important drivers of settlement outcomes, such as the level and structure of 
defendants’ insurance policies, are not publicly observable. Thus, even with AI-based 
inputs, a large amount of variation in settlement outcomes remains unexplained.

Overview of AI-Based Analysis of Complaint Text 
We used AI-assisted review of complaint text to extract structured information — e.g., 
the nature of allegations, and the channel and nature of the corrective disclosures — in 
more than 700 federal securities matters filed and settled after 2010. 3

For example, we identified whether a case involves a short-seller report as the 
alleged corrective disclosure, or whether a government investigation is referenced in 
the complaint. In addition, we systematically measured multiple aspects of complaint 
language, such as tone and certainty, 4 which would be challenging and time-consuming 
to evaluate through human review. 

We also implemented human verifications to ensure that AI-generated outputs are 
properly refined before being incorporated into the statistical analysis.5 While AI can 
efficiently classify and extract information from large volumes of text, it may sometimes 
err on the side of inclusiveness when assigning categories, meaning that cases may be 
assigned to categories even when the supporting evidence is limited or ambiguous. 

Therefore, we conducted multiple levels of validation, including parallel keyword 
searches and prompts designed to test the logical consistency of results. Any identified 
discrepancies were resolved by experienced professionals to ensure that the final 
classifications accurately reflected the relevant case characteristics.6

Beyond data verification, it is essential to examine whether the results of any 
AI-assisted analysis make economic sense. As described below, the results of our 
analysis of comparable cases, based on a combination of AI-generated data and human 
verification, have intuitive appeal.

Example Application: Extraction of Case Characteristics for Comparison 
First, we analyzed how settlement outcomes differ by the channel and nature of the 
corrective disclosure, when the outcome is measured as a percentage of simplified 
plaintiff-style damages — the settlement percentage. 7

The figures below compare the distribution of settlement percentages for different 
classifications to the median for the full sample of over 700 settlements.
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Figure 1: Settlement Percentage by Channel of Last Corrective Disclosure

For example, in Figure 1, our analysis suggests that the channel of the last corrective 
disclosure,8 such as whether it was revealed in a short-seller report, has minimal 
impact on the settlement percentage, with a median settlement percentage for that 
classification being nearly the same as the median for the full sample. In contrast, when 
the corrective disclosure consists solely of an earnings miss or a guidance update,9 
without additional substantive revelations, settlement percentages tend to be lower. 

This is economically intuitive: Companies may miss earnings or adjust guidance, 
which is forward-looking in nature, for many reasons other than fraud. 

Similarly, differences in the nature or subject matter of the information revealed 
in the corrective disclosures are associated with different settlement percentages, as 
shown in Figure 2. 

For example, cases in which the corrective disclosure references the existence 
of a regulatory investigation, without further action, are associated with lower 
settlement percentages compared to cases in which the corrective disclosure reveals an 
enforcement action.10

This distinction is also economically intuitive: An investigation alone may reflect 
uncertainty, whereas an enforcement action may signal more concrete evidence of any 
alleged misconduct.
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Figure 2: Settlement Percentage by Nature of Last Corrective Disclosure

As shown in Figures 1 and 2, substantial variation in settlement percentages remains 
within each category, which reflects the impact of unobserved case-specific factors, such 
as the strength of the evidence and insurance considerations. While we provide a few 
examples of information that can be extracted from an AI-assisted review of complaint 
text, many more characteristics could be identified and analyzed.

Example Application: Sentiment Analysis 
We also examined whether the tone and certainty reflected in the complaints 
help explain settlement amounts. Sentiment analysis is a well-known method for 
systematically extracting signals in language that may not be explicitly stated.11 

Without the assistance of AI, measuring sentiment is time-consuming, often 
requiring multiple human reviews of the underlying documents and a process to 
reconcile differences in scoring. AI allows this classification to be performed efficiently, 
and similar approaches have been used in academic research.12

Following established sentiment frameworks,13 we used AI to categorize complaint 
language along two primary dimensions: the level of certainty (e.g., confident versus 
qualified language) and emotional tone, which includes negativity, intensity (e.g., calm 
versus excited language), and the extent to which the complaint uses assertive and 
definitive language.14 

Conceptually, these measures may capture certain so-called soft information about 
the perceived strength of plaintiffs’ claims. For example, when plaintiffs believe they 
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have stronger evidence, complaints may be more direct and confident, with fewer 
qualifiers or speculative phrases. 

To examine whether the sentiment information from the complaints helps explain 
settlement amounts, we compared the prediction errors of a model that predicts 
settlements using only plaintiff-style damages — i.e., the benchmark model15 — against 
those of a model that includes the sentiment variables, i.e., the sentiment model.16

As shown in Figure 3, the sentiment model reduces prediction errors, and the impact 
is greater for larger settlements.17 

To put this in context, the reduction in prediction error represents roughly 5% of 
the median settlement in smaller cases ($210,000 out of $3.98 million) and about 12% of 
the median settlement in larger cases ($3.7 million out of $31.64 million). For larger cases, 
the $3.7 million average reduction means that prediction errors are approximately 8% 
smaller than under the benchmark model.

Figure 3: Reduction in Prediction Error From the Benchmark Model to the Sentiment Model

One possible explanation for the difference in explanatory power is that smaller 
cases often settle at amounts influenced by considerations such as fixed litigation costs, 
whereas larger cases may be negotiated more closely around the merits, so differences 
in language sentiment can better explain variations in settlement outcomes beyond the 
size of damages. 

However, complaint text does not directly capture factors that may affect settlement 
outcomes, including the amount and structure of defendants’ insurance. AI-assisted 
review should therefore be viewed as a complement to, not a substitute for, legal and 
economic judgment.
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Conclusion
When AI-based reviews of complaint text are combined with economic expertise and 
professional judgment, they can enhance securities class action analysis in two key 
ways: by enabling more systematic identification of comparable cases and by improving 
the accuracy of settlement predictions, particularly in larger cases, while some variation 
in settlement amount remains unexplained due to unobserved factors. 
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