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Abstract

Rapidly improving artificial intelligence (AI) technologies have created opportunities for human-machine cooperation 
in legal practice. We provide evidence from an experiment with law students (N = 206) on the causal impact of 
machine assistance on the efficiency of legal task completion in a private law setting with natural language inputs 
and multidimensional AI outputs. We tested two forms of machine assistance: AI-generated summaries of legal 
complaints and AI-generated text highlighting within those complaints. AI-generated highlighting reduced task 
completion time by 30% without any reduction in measured quality indicators compared to no AI assistance. AI-
generated summaries produced no change in performance metrics. AI summaries and AI highlighting together 
improved efficiency but not as much as AI highlighting alone. Our results show that AI support can dramatically 
increase the efficiency of legal task completion, but finding the optimal form of AI assistance is a fine-tuning 
exercise. Currently, AI-generated highlighting is not readily available from state-of-the-art, consumer-facing large 
language models, but our work suggests that this capability should be prioritized in the development of legal AI 
products.
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 [*979] 
INTRODUCTION

The use of AI in courtrooms and law firms is increasing, yet very little is known about how AI products influence 
legal work products or processes  [*980]  (Sundar, 2022). In this work, we demonstrate the promise of a robust 
experimental approach to address empirical questions on the effects of AI in legal work. We study how the process 
and outputs of legal work may be impacted by new AI tools, a topic of particular importance since most new legal AI 
adoption is likely to reflect a "human in the loop" model, wherein AI does not directly determine outcomes but 
instead provides guidance to human decision makers (Mosqueira-Rey et al., 2022). We conduct an experiment 
studying the effect of AI assistance in the hands of law students (N = 206). We measure the effects of two distinct 
forms of AI assistance summarization and highlighting of complaint texts to see how each influences law students' 
ability to identify text within a legal complaint and their judgments of the complaint quality.

We test all combinations of two forms of AI assistance: AI-generated text highlighting within a legal complaint 
document and an AI-generated onesentence summary of the document. This focus on specific forms of output from 
an AI product distinguishes our work from other recent studies. Other recent studies have tested consumer-facing 
large language models (LLMs) as products rather than studying the influence of specific outputs or forms of outputs 
from such models. Our partnership with a firm currently using the studied AI model for commercial purposes allows 
us to test specific outputs thanks to this insider access to the model.

Measuring a range of quality indicators, we found no change in work quality resulting from the AI interventions. 
However, we also discovered that AI highlighting makes task completion about 30% faster, supporting the 
possibility that legal AI can make lawyers drastically more efficient without diminishing work quality. Given that 
consumer-facing LLMs do not readily provide access to such highlighting capacities (at the time of writing), this 
work suggests lowhanging fruit in producing additional AI outputs that would be useful to legal workers (Glassman 
et al., 2024). Further, this work demonstrates the utility of studying specific forms of AI outputs rather than studying 
AI as a monolithic whole.

Several key generalizable insights can be gleaned from this work. We offer a template for defining and measuring 
the quality of legal work. We develop and offer to the community a reusable interface into which AI outputs can be 
inserted for behavioral testing. We look critically at different AI outputs rather than treating AI as an unbreakable 
whole. We proceed as follows. First, we survey previous work that measures the impact of AI assistance on legal 
tasks. We identify three key areas lacking knowledge in the existing literature: the effects of AI assistance in private 
legal practice, the comparative effects of different forms of AI assistance, and experimental methodologies that 
allow causal conclusions regarding the effects of legal AI tools. Next, we present our experimental design, including 
a description of the many variables we measured to assess the quality of the legal decision-making process and 
outcomes in the  [*981]  experimental task. We conclude with a discussion of the policy relevance of these findings 
and our experimental template more generally.
BACKGROUND

We survey the existing state of knowledge regarding the use of AI1 in the legal system,2 identifying important, basic 
questions still left open in the literature. As the discussion below will show, previous studies have primarily looked at 

1 We do not rigorously define "AI" for this study or for the discussion of prior work. We use "AI" broadly to refer to data-driven 
machine assistance, no matter how simple or complex that assistance may be in its functionality, inputs, or outputs. Our use of 
"AI" therefore includes both large language models (LLMs) or linear regressions, where either is deployed to offer guidance to 
humans in task completion.

2 We note a larger, adjacent literature looking to largely experimental studies of how AI tools might influence lay decision making 
about legal questions. We also note a larger, adjacent literature looking at the performance of algorithms as assessed by their 
outputs from input data alone and when not subject to human discretion. We find support for Megan Stevenson's observation 
that "There is ample evidence that [AI] should have beneficial effects" in law but that the evidence as to whether it does is either 
missing or pointing toward undesirable outcomes.
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outcomes rather than processes, governmental actors rather than private actors, and unidimensional outputs rather 
than richer, multi-dimensional guidance. Further, as the discussion will show, the studies in this narrowly 
circumscribed domain have not uncovered compelling evidence of the benefits of deploying AI for human 
assistance in legal tasks,3 which suggests that the near-future benefits of AI may be better fulfilled in other domains. 
From this review of existing work, we conclude that our study can expand existing knowledge by studying a private 
law setting and an AI tool that uses multi-dimensional outputs while measuring legal processes as well as legal 
outcomes.

Further, we observe in our review of the relevant scholarship that observational and experimental studies alike have 
often yielded null results, and that there are no clearly documented examples of AI-assistance improving outcomes 
in legal tasks. Some cases of introducing AI-assistance have even yielded normatively problematic outcomes, such 
as increased racial disparities. This motivates us to look beyond the criminal justice system and beyond 
unidimensional outputs in designing our study, to study domains in which upsides of AI assistance may be more 
accessible than they have proven in the especially challenging applications of criminal justice.

We recognize from the outset that studies of how AI has previously been introduced into the legal system primarily 
in criminal adjudication may not strongly indicate the likely results of an AI tool put into the hands of a private actor 
for private legal practice. Where government actors have  [*982]  incorporated AI, their goal has typically been to 
improve uniformity, accuracy, and fairness of criminal adjudication all values typically irrelevant to strategic private 
actors, who will likely be more concerned with efficiency and performance than with fairness or consistency as end 
goals. Nonetheless, we survey the literature broadly to offer the reader not only a picture of the most recent and 
relevant studies in comparison to ours but also a holistic picture of the state of knowledge of how human legal 
decision-makers interact with AI.
Observational studies of risk assessment in the criminal justice system

One genre of studies focuses on the impact of AI on legal outcomes, leveraging observational data created by a 
jurisdiction and introducing a risk assessment tool into its criminal justice process. A 2019 meta-analysis by Viljoen 
et al. (2019) identified 22 such studies, around half of which were the results of white papers or policy papers rather 
than peer-reviewed journals. These 22 studies covered more than 1.4 million individuals subject to AI-assisted 
confinement decisions across 30 separate study locations. A meta-analysis of these 22 studies suggested a small 
but statistically significant reduction of restrictiveness in preand post-conviction placements resulting from the 
introduction of risk assessment tools as a human decision aid.

Despite these initial results, the authors ultimately concluded that the evidence that the use of risk assessment tools 
reduces restrictive placements was ultimately low because they identified methodological issues with the studies 
that suggested the possibility of bias. Specifically, the authors applied the Risk of Bias in Non-Randomized Studies 
(ROBINS-I) (Sterne et al., 2016) tool to each of the 22 studies4 to assess the risk of statistical bias in the meta-
analysis results introduced by each of the 22 studies. Viljoen et al. found that 11 of the 22 studies had a risk of bias 
(with an inter-rater agreement of 0.85). Once the problematic studies were removed from the meta-analysis, there 
was no statistically significant effect of AI assistance on reducing restrictive placements. Further, the researchers 
noted that even the directional effects in the remaining studies were heterogeneous, providing further reason to 
discount the initial statistical significance resulting from analysis of the entire 22 study set. Further, they noted a 
variety of confounds often present in the studies that were described as biased, including (1) the deployment of risk 
assessment tools alongside other interventions or political changes and (2) the conceptually distinct nature of the 
various risk assessment tools used, including fundamental  [*983]  differences such as relying on static versus 

3 The intended benefits of using AI in legal decisions will vary in different settings and may not necessarily be limited to 
correctness or efficiency. Nonetheless, even with respect to other objectives pursued when introducing AI to legal decision 
making, such as working toward racial equity or reduced crime, empirical studies suggest mixed or null results of introducing AI 
into the hands of human decision makers, as discussed infra (Whiting et al. 2016).

4 ROBINS-I identifies seven domains that raise risk of introducing bias into the results of a reported study: confounding factors, 
selection of participants, classification of interventions, deviations from intended interventions, missing data, measurement of 
outcomes, and selective reporting, with these individual queries then used to calculate an overall rating of bias.
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dynamic characteristics.5 Thus, the meta-analysis ultimately indicated that risk assessments achieved, at best, 
small or null effects in accomplishing their stated purpose of reducing restrictive placements. This finding is 
consistent with a mechanism of discarding algorithmic judgments, such as that identified in earlier work by Miller 
and Maloney (2013), which used latent class analysis to estimate that roughly half of practitioners required to use 
risk assessment tools merely demonstrated "formal" compliance, often demonstrating decisions inconsistent with 
the risk assessment tool and with more recent findings such as Stevenson (2018) noting that effects of risk 
assessment decrease over time over their introduction, likely as judges resort back to their pre-tool work process.

Studies published since 2019 demonstrate a similarly insubstantial effect of algorithms deployed in real-world 
criminal justice systems. Stevenson and Doleac (2022) examined the use of a risk-scoring instrument provided to 
state court judges throughout Virginia in 2002. The risk instrument was implemented with the policy goal of diverting 
25% of nonviolent offenders to non-carceral outcomes. The risk assessment was provided in all cases, but the 
judge retained discretion as to sentencing. In studying both release outcomes and sentence lengths, Stevenson 
and Doleac found that the risk assessment ratings changed outcomes for defendants labeled low risk compared to 
those labeled high-risk, but that the ratings did so in heterogeneous ways suggesting that judges had alternative 
objectives or preferences. They deviated from risk score recommendations for some demographics: toward greater 
leniency for young defendants and less leniency for black defendants. As a result of such heterogeneous 
algorithmic treatment effects, the overall incarceration rate did not decline after the risk-scoring algorithm was 
introduced. This study provides evidence that AI integrated into human decisions may produce results quite 
different from the outputs of the AI system alone. Further, some of those results, suggesting differential treatment of 
algorithmic outputs by race, challenge the notion that fair algorithms will necessarily lead to fair decision-makers.

On the other hand, in a study of Travis County, Texas, Sloan et al. (2024) reached results that contradicted 
Stevenson and Doleac's and provided some evidence that AI tools in the hands of humans could achieve their 
stated policy objectives under appropriate conditions. In January 2013, Travis County changed its policies from not 
providing risk assessments at all to providing them for 75% of defendants. Using this sharp change as an 
opportunity for a regression discontinuity analysis, Sloan et al. (2024) found that, consistent with the county's stated 
policy, the introduction of the risk assessment tool led to less punitive outcomes, with increased rates of non-
monetary bail and decreased rates of pretrial detention. Also, in contrast to Stevenson and Doleac, Sloan et al. 
found no  [*984]  exacerbation6 of racial disparities induced by the risk assessment instrument. In short, more 
recent literature replicates the ambiguities found in Viljoen et al.'s (2019) meta-analysis. It is unclear whether risk 
assessment instruments are normatively problematic vis-à-vis racial equity.

Despite the theoretical benefits of bringing AI into the legal system (Kleinberg et al., 2017), observational studies fail 
to support those optimistic predictions. In existing observational studies, the effects of introducing AI into the legal 
process amount to minimal upside, and may run counter to fundamental normative values, such as equality before 
the law.
Experimental studies of the criminal justice system

Experimental studies of the effects of legal AI tools on actors in the legal system are a smaller (but emerging) body 
of literature compared to the body of observational studies. Early experimental studies of other risk assessment 
instruments are also few and far between. Before the contemporary renewed interest in the impact of risk 
assessment tools in the hands of humans, Imai et al. (2021) note only two prior experimental studies, both many 
decades old, Ayres et al. (1963) and Goldkamp and Gottfredson (1985).

The primary risk assessment tool in the US criminal justice system is the Public Safety Assessment (PSA). The 
first-ever experimental study of the pretrial PSA took place in Dane County, Wisconsin, for a 30-month period from 
2017 to 2019. In the Dane County study, Imai et al. (2021) found on a preliminary basis7 that the PSA had little 

5 Static characteristics are those that are not possible to change, such as past criminal history. Dynamic characteristics are those 
that can actively be changed, such as drug addiction status.

6 Of course, "no exacerbation" of disparities is not the same as an improved outcome.
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impact on judicial decision-making. The only impact they found was a tendency to exacerbate existing disparities in 
decision-making as between male and female defendants; on the other hand, they found no PSA-associated 
change in the influence of race on judicial decisions and likewise no change otherwise in the overall pattern of 
sentencing.

More recently, in a working paper, Danser et al. (2023) reported an experimental study of the PSA in Polk County, 
Iowa, conducted in 2018. The authors reported a significant change in judicial decision-making, specifically a shift in 
the distribution toward more lenient (non-monetary) and harsher (high monetary bonds) pre-trial decisions. 
However, puzzlingly, such changes did not correlate to changes in recidivism. Instead, the authors found 
suggestions of increased failure to appear after the deployment of the PSA, although they explained that there were 
several competing hypotheses to explain such a result. In short, the two existing randomized controlled trials of the 
PSA point to mixed results, finding the instrument may or may not change judicial decision-making  [*985]  and 
appeared to make no change to metrics of criminality (recidivism) or performance of the criminal justice system 
(such as failure to appear or incarceration rates).

In short, both observational and experimental studies of risk instruments suggest that the gains of algorithms have 
probably been minimal in practice in the criminal justice system. Further there is a risk, substantiated in some 
observational and experimental studies, that these instruments may even exacerbate some of the disparities 
experts otherwise hoped AI could cure (Yu, 2020). This mixed bag of null and normatively problematic outcomes 
necessarily raises the question of whether there is a role for AI in the legal system any time soon.8

One possible reason, among many, that risk assessment instruments seem to underperform their theoretical 
promise in criminal justice settings is that they make so little use of the available possibilities, mainly relying on a 
single, unidimensional output. As currently implemented, risk assessment tools are simple instruments with limited 
expressive value. In an entirely different experimental setup, Chohlas-Wood et al. (2021) imagined the possibility of 
a tool that could use demographic blindness to promote fairness. In a quasi-experimental study,9 the authors 
developed and tested a tool that obscured identifying information about people and places. Prosecutors in a large 
US city used this tool to make preliminary charging decisions (later finalized without the blinding treatment). The 
authors studied the outcome of charging decisions with and without AI blinding. Although in an entirely new context 
and task, similar to previously discussed studies, the authors reported no effect of the tool. They noted, however, 
that this apparent null effect could be a ceiling effect due to the lack of evidence of racial disparities in charging 
decisions even before the AI blinding treatment in that prosecutor's office, suggesting that potential upsides might 
be found in a different experimental setting.10

Experiments outside the criminal justice system

We first note a prior result that motivated our present study. Norkute et al. (2021) studied an industry tool designed 
to produce one-sentence summaries of legal complaints alongside two proposed means of highlighting text as a 
form of explanation of an AI output. Specifically, Norkute et al. studied an AI tool11 that produced one-sentence 
summaries of legal complaint documents and studied two methods of explaining an AI's output, both forms of text 
highlighting.  [*986]  The authors studied (1) first, attention-based highlighting, in which the color of the highlighting 
was computed from values that the AI model itself generated and that constituted a numerical proxy for the relative 
importance or influence of individual words on the model's final outputs. Darker highlighting indicated a larger 
weight attributed to the word by the model in constructing the model's outputs, and lighter-colored highlighting 

7 The authors noted that as of the time of writing a sufficient period of time had not passed for full data collection and stressed 
the preliminary nature of their analyses.

8 We leave to the side use cases in which AI would directly stand in for humans as being unlikely in the near future.

9 The authors described the study in these terms, in part because administrative reasons limited their ability to randomize the 
time and place of treatment with their tool.

10 The authors noted that future work should look to a use case where a racial disparity was documented prior to the use of the 
instrument to fairly test its capacity to reduce such disparities.

11 The same AI tool we study in this work.
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indicated less weight attributed to a word. The authors also studied (2) second, abstractive highlighting, a model 
agnostic methodology in which the explanation highlighting features are generated after the summary is generated 
by looking at the initial input text and the output, highlighting any portions of the text that also appear in the one-
sentence summary output.

In the case of attention-based highlighting but not abstractive highlighting Norkute et al. found a statistically 
significant decrease in the time that two specialized legally-trained employees needed to review AI-generated 
summaries for correctness and quality of the writing. The attention-based highlighting reduced the task completion 
time from 148 to 83 s per complaint document, a 44% reduction, whereas abstractive highlighting failed to reduce 
task completion time. In semi-structured interviews with the participants, Norkute et al. found that attention-based 
highlighting enhanced the trust the participants expressed in the AI summaries. Norkute et al.'s results were one of 
the first instances of a substantial benefit of human use of AI in a legal task, while some prior work in non-legal 
domains had suggested that highlighting could decrease work quality (Ramírez et al., 2019). Norkute et al.'s results 
also show the importance of experimentally distinguishing helpful from unhelpful AI assistance, suggesting that 
improvements to legal work may result more from experimenting with the form and context of that assistance than 
from repeatedly deploying and testing similar but unimaginative legal AI tools.12

Norkute et al. (2021) identified promising evidence that AI can improve outcomes in legal work, but those existing 
results have significant limitations. The limited sample size (two attorneys) and the task at hand (producing 
onesentence summaries of complaints for a proprietary legal subscription service) limit the external validity. Further, 
Norkute et al. could not control for task performance quality as the participants were required to turn in only work of 
acceptable quality and no numerical quality rating was used to permit finer tuned quality measurements.

We took this initial work as a step to build in the present study. We also ran a parallel study (Nielsen et al., 2023) 
with the same experimental interface and participants. In that study we looked at the specific process of how 
research participants read a legal document. We found that the same attention-highlighting methodology studied by 
Norkute et al. did not lead to changes in attention  [*987]  allocation. That is, attention-based highlighting does not 
distort how humans process a legal document by moving their attention toward segments of a legal complaint that 
are highlighted (to the detriment of other portions). By contrast, the authors found the proportional amount of time 
participants spent within different sections of a legal document was the same with or without highlighting. We found 
evidence for one of the legal documents that the highlighting reduced the spatio-temporal distribution of user 
attention. These results are promising because they show (1) that highlighting need not distort human judgment 
about what was important within a document, and (2) some potential in reducing the variance across a group of 
readers in how they worked through a legal document.

We note that the past year and the rise of consumer-facing large language models (LLMs) has brought about the 
possibility for far more accessible experimentation with AI in legal applications. Both Blair-Stanek et al. (2023) and 
Choi et al. (2023) reported passing (or even excellent) results of such consumer-facing LLMs in blind grading and in 
comparison to law students. These studies and similar are complementary to our work but study the distinctive 
question of how well AI could replace rather than assist a human performing legal work, finding that LLMs can do so 
in some minimally plausible way when it comes to taking law school exams. More recent studies have begun to 
address the question of human-AI cooperation directly. Choi and Schwarcz (2023) found that LLMs enhanced the 
performance of undergraduates and law students at the University of Minnesota on exams in some cases: more for 
simple, multiple-choice questions than for complex issue spotters and more for lower-performing students than for 
higher-performing students. They hypothesized that AI may produce an "equalizing effect" on law exams, or in the 
practice of law more generally, such that the AI helps low performers more, and may even hurt high performers. In 
a still more recent study, Choi et al. (2024) studied University of Minnesota law students on a series of four realistic 
drafting assignments with or without the use of an assistive LLM and following training on best practices when using 
LLMs for legal tasks. Choi et al. found only small or null changes in work quality on these tasks but found that LLMs 
did produce increases in speed, sometimes substantial ones. Finally, Chien and Kim (2024) report the results of a 

12 Cf the risk assessment story, in which similar tools with similar goals have been repeatedly deployed despite little empirical 
basis for using them.
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field study of practicing attorneys using LLMs to provide legal services, finding that legal professionals self-reported 
higher rates of productivity with access to an LLM and training in how to use the tool.

Though predating these studies of law students and legal professionals, and using an older AI tool, this current 
study nonetheless contributes to the existing literature in several ways. We use a larger (N = 206) study pool than 
that of Choi and Schwarcz (N = 48) and that of Choi et al. (N = 59), and unlike Chien and Kim (N = 202) we use 
observed rather than self-reported measures of work quality and productivity. In contrast to all three studies, we use 
a fully randomized between-subjects design so that we can attribute full causality of differences to the ML 
intervention rather than having to make assumptions about ordering  [*988]  effects for a within-subjects study. In 
contrast to the other studies, we employ a tool that has already previously been used in a commercial legal 
application. This model is in actual commercial use. The legal editorial tool is used by a team of editors who monitor 
and collect new court cases and perform various editorial tasks. Further, and in contrast to the consumer-facing 
LLMs studied elsewhere, we rely on a model that followed many ethical best practices, such as training on data of 
known provenance and without copyright-infringement (Bender & Friedman, 2018). Further distinguishing our study 
from other existing studies, we use an experimental interface that permits direct observations of and measurement 
of participant behavioral, permitting us some insights into how use of legal AI affects process as well as outcomes.
Concluding observations

From empirical and experimental studies of human-AI cooperation in legal decision making, we note three gaps in 
the existing literature. First, studies of the effects of AI assistance on legal tasks have almost exclusively focused on 
government actors in the criminal justice system. Second, variation in the kinds of AI assistance provided to legal 
decision makers has been little explored, despite strong evidence that the implementation and presentation of AI 
assistance can matter tremendously. Finally, assessments of AI influence have been limited to decision outcomes 
in narrow decision tasks in the criminal justice system and have not included procedural or behavioral observations. 
Two prior studies (Nielsen et al., 2023; Norkute et al., 2021) suggest a promising opportunity to fill in this gap in the 
literature and support an optimistic view about the role of AI in legal work.
OVERVIEW OF EXPERIMENTAL APPROACH

For a variety of reasons like attorney-client privilege, much of the work product from private law is closed off to 
researchers. Private legal practice discloses few of the kinds of data artifacts needed for observational studies. For 
this reason, an experimental approach is particularly valuable for understanding the likely effects of AI in the private 
practice of law.

Our experiment was designed with two goals in mind to assure robust experimental conclusions. First, we wanted 
to study a legal task that had clear analogies in the real world. Second, we wanted to study a task in which there 
were some clear and objective measures of performance such that we could draw conclusions as to whether an AI 
tool was affecting work quality. With these goals in mind, we settled on a task that involves reading a complaint, 
identifying some objective textual details or assertions in that document, and drawing subjective conclusions as to 
the quality of that complaint document. Reading a complaint  [*989]  document and recalling or retrieving 
information from that complaint is analogous to many real-world legal work experiences, particularly those of junior 
law clerks or junior law firm associates, in which a junior worker might be the first to review a legal complaint and 
determine what level of response or review is appropriate for that document. One can likewise imagine that such a 
junior worker might be quizzed about the factual elements or legal arguments within the complaint under time-
pressure, such as when asked by a senior partner to quickly review a document or when she faces stiff time 
constraints in the course of her work.

We also began our experimental design with a tool already in hand that we wanted to test. The tool has already 
been in use for several years by our industry partner to assist attorneys in generating summaries of legal complaint 
documents. Details about the creation of the neural network model can be found in Norkute et al. (2021). This tool 
is a real use case to supply a real legal service and therefore per se interesting. As described in the previous 
section, Norkute et al. found that this highlighting could increase the speed of work for two expert attorneys in the 
specialized task of reviewing the AI generated summaries. We now seek to test the effects of this tool in a less 
specialized, larger population and on a more representative legal task: Testing the performance of a less 
specialized task by a less specialized pool of workers.
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In this pre-registered study13 conducted in an academic-industry collaboration, we measure the effects of legal AI 
assistance with a holistic rubric of indicators related to legal work quality. We acknowledge and embrace the 
importance of full academic independence in a study such as this. Prior to beginning work on the experimental 
design, we agreed on a process to ensure full academic freedom in the design, analysis, and publication of this 
research, and our industry partner has fully honored that agreement.14

DESIGN AND PROCEDURE

In this experiment, we presented the AI outputs in a custom-built web interface.15 We conducted the experiment 
online across a variety of law schools, with  [*990]  rankings as high as top-5 to the mid-80s in national law school 
ranking reports, with students recruited via a snowball sampling methodology and able to participate in the 
experiment on their own computers and at a time of their own choosing. They were solicited by course instructors, 
by emails from law school administrators, and by heads of law school student organizations. In the following 
explanation of our experimental design, we first describe the structure and appearance of the interface that was 
presented to research participants. We then describe the overall flow of the experiment and the between-subjects 
factorial design. We then describe our process for selecting specific complaint documents (and accompanying AI 
assistance) for the experimental task and describe and define our experimental outcomes of interest. Finally, we 
present a detailed description of the experimental procedure and the analytic methods applied to the experimental 
data.
Interface

We used a proprietary online interface that we designed and built for this experiment, with the interface modeled on 
a prior design by Norkute et al. (2021). The interface was programmed in React.js and accessible with any standard 
web browser by anyone who had an access code, which could be obtained by signing up for the experiment with a 
whitelisted law school email address.16 We hosted the interface on ETH Zurich's servers, and protected the 
experiment from ineligible participants using single-use access tokens that were only dispensed to eligible 
participants.

The interface, shown in Figure 1, displayed the text of the legal complaint. In a column to the right of the complaint 
text, the questions about the text were presented. As will be described infra, these questions asked both about 
information that could be identified directly in the text and about participants' subjective assessment of the 
complaint quality. Where participants were assigned to an experimental treatment that included access to AI 
highlighting or summary, these were displayed as they are shown in Figure 1. The summary was displayed in the 
upper right-hand corner in a box with a bold and colored outline. The highlighting was displayed directly on the text, 
with a legend in the upper lefthand corner. When such features were not available to a participant given her 
experimental treatment, the interface was adjusted accordingly to preserve the appropriate aesthetics of the 
interface. When highlighting was not present, the color bar legend in the upper left-hand corner was absent. When 
a summary was not present, the question column was slightly elongated to fill in that area. Participants were able to 

13 The pre-registration document is available on Open Science at https://osf.io/4nf9q. The study was reviewed and approached 
by the ETH Ethics Commission. Note that the URL is currently closed to the public but a copy of the preregistration document is 
also available here: 
https://docs.google.com/document/d/1uU_ILFoJ4icIPsQSHVrhanCY9YNDpDoW99nGyFPPi2o/edit?usp=sharing.

14 Prior to starting this work, our institutions contracted for full academic freedom to design the experiment, analyze the data, and 
publish the research results. The cost of the experimental study (implementation of the proprietary interface and compensation 
for participants) was funded by ETH, while Thomson Reuters contributed access to the proprietary tool as well as the 
participation and expertise of two of the authors of this work. A copy of our collaboration agreement is available upon reasonable 
request.

15 Access to using the interface to observe the experimental circumstances is available upon reasonable request. Access to the 
source code to implement the interface is likewise available upon reasonable request.

16 Identifying information was kept in a data silo separate from the experimental data so that no identifying information was 
available to the researchers. The email address was collected to verify eligibility and to provide compensation. We whitelisted 
email addresses only at law schools where we were actively recruiting.
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scroll in both the legal complaint window (left column) and the question window (right column) independently, and 
they could use a "Next" button displayed in the lower right-hand corner to advance to the next text (but only after 
they had responded to all questions).

 [*991] 

FIGURE 1 A screenshot of the experimental interface presents an example interface that includes both AI-
generated highlighting (shading of text in left window) and AI-generated summary (sentence in box in upper right-
hand corner of screen).

Participants responded to the multiple-choice questions by clicking on the circular button to the left of their chosen 
text. They answered a freeform text question by typing into a freeform text input window. They could advance to the 
next document only after answering all questions and then clicking on the "Next" button, which was inactive until all 
questions were completed.
Experiment design

The experimental interface followed an experimental flow that included informed consent, a tutorial17 explaining to 
participants how the interface worked and what they would be asked to do, three legal complaints with associated 
questions, and a demographic exit survey. Within that flow, participants were assigned on a between-subjects 
randomized basis to any of four treatments resulting from a 2 x 2 factorial design,18 in which the availability of the 
AI-summary and the AI-highlighting were permuted, creating four experimental treatments: No AI, Full AI, Summary 
Only, and Highlighting Only. The experimental flow is shown in Figure 2.

17 Screenshots of the tutorial are available here 
https://docs.google.com/document/d/1crBYsmSxijGx54nWh0rBZs07Ifc2Wv9exXKYB34OY40/edit?usp=sharing for the case of 
the Full AI treatment. Screenshots that show the pattern of highlighting for all the documents, as well as the location of the 
document text that correlated with correct answers to textual questions, are available here: 
https://drive.google.com/drive/folders/1woq81EnhNIpi9SQoYqzH5r6oS-vIg4wf?usp=sharing.

18 The third task was subject to a 2 x 2 x 2 between-subjects design. In the text of the third complaint, we manipulated the name 
of the plaintiff in the third complaint as between "Thomas Stephens" (the original name in the complaint document) and "Juan 
Lopez" to look for potential effects of the name manipulation. However, we found no differences in the experimental populations 
treated with the two names, and subsequent testing on two pilot participants suggest that the manipulation likely failed in the 
experiment, as both pilot participants were unable to recall or even guess at the plaintiff's name.
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 [*992] 

FIGURE 2 The experimental flow included informed consent, a tutorial customized to a participant's assigned 
experimental treatment, three consecutive self-contained tasks of reading a legal complaint and answering some 
questions, and an exit survey.

When reviewing each of the three legal complaint documents, participants had access to the text of the complaint 
and questions about the complaint; in other words, they did not need to review the complaint before seeing the 
questions, nor did they lose access to the complaint document when answering the questions. Further participants 
always had access to whichever forms of AI assistance they had been experimentally assigned. All participants saw 
the same three legal complaint documents in the same order.

Our industry partner provided 100 randomly selected complaints along with the AI model outputs for those 
complaints and with quality ratings of the summaries as independently assessed by two expert attorneys. We 
limited our selection of complaints to those for which the model produced an output that was judged publication-
ready by both of two attorney raters. Therefore, by design, we study in this experiment the effects of AI assistance, 
when that AI assistance is of a presumptively good standard. However, this selection is already representative of 
most outputs from the AI tool if not of all outputs. Fifty-eight out of 100 documents were rated by both attorneys as 
publication-ready, while 91 out of 100 were rated as such by at least one attorney reviewer. In contrast to our 
choice, we recognize that the growing body of literature on algorithmic aversion looks to the impact on human users 
of algorithmic mistakes. This is a key area  [*993]  for future investigation and is also important for understanding 
how AI assistance will affect real world legal practice (Dietvorst et al., 2015).

The two experimentally manipulated variables were the availability of two forms of AI assistance: a summary and 
highlighting. The summary was a one-sentence description of the facts in a legal complaint. The three summaries 
are provided in full below in the order corresponding to the task sequence.

1. Defendant discriminated against Plaintiff on the basis of his race by subjecting him to different terms and 
conditions of employment.

2. Defendants breached the operating agreement by entering into a mortgage and allowing new members into 
the company without consent.

3. Defendant wrongfully attempted to collect a debt allegedly owed by plaintiff by providing him with false and 
misleading information.

The highlighting consisted of blue shading of varying darkness that corresponded to a numerical value generated 
for each word of the complaint as a function of running the text inputs through the model to output the one-sentence 
summary. The darker the highlighting, the larger the numerical attention value generated for that word, which in turn 
indicated that the word had been more influential in shaping the model's outputs in constructing the one-sentence 
summary of the complaint. As described supra, Norkute et al. (2021) had previously found that this technique of 
highlighting improved subjective measures of trust in the AI sentence outputs and led to faster task completion in a 
small expert sample. We deployed the same methodology for calculating and displaying the attention-based score, 
which can be seen in their full visualization in the online appendix.19 As described in the Appendix, we generated 
the questions to be answered for each task independently of this highlighting.
Measures

19 The full complaint text and accompanying highlighting can be seen here: 
https://drive.google.com/drive/folders/1woq81EnhNIpi9SQoYqzH5r6oS-vIg4wf?usp=sharing.
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Defining the quality of legal work is challenging, and there is, to our knowledge, no established set of metrics for 
either experimental or industry purposes (Linna, 2020). We defined a set of task outcomes with two goals in mind. 
First, we wanted objective indicators of performance such that improving performance was monotonically related to 
work quality. Second, we wanted measures that invited subjective opinions to gain insights into how the exercise of 
judgment might be affected by the presence of AI assistance. In other words, we sought indicators about 
discretionary judgment to address whether the presence of AI assistance might have an impact on discretionary 
judgments when it  [*994]  should not (Kahneman et al., 2021). Finally, and to complement these two sets of 
measures, which would both provide indicators of outcomes, we also defined a separate set of indicators related to 
process as implemented through measurements of behavior.
Work quality measures

With respect to objective performance indicators, we developed textual questions with clear correct or incorrect 
answers to gauge participants' effectiveness at recalling or retrieving information.20 These questions related to the 
factual and legal allegations in the complaint (e.g., In which state does Portfolio Recovery Associates have an 
address for service? Which actions of Portfolio can be characterized as unfair practices under 15 U.S. Code § 
1692f?). The questions were of varying degrees of complexity and could be quite detailed. See the Appendix for the 
entire set of questions.

We targeted the exercise of professional judgment with two questions posed to participants as the last questions for 
each complaint (Based on your best assessment of the case given the information provided in the document, 
should the plaintiff prevail on the merits? [Strongly disagree ... Strongly agree]; (2) Please explain the reasons for 
your assessment of the merits of the plaintiff's argument. [freeform input]).

Given that the presence of AI assistance is not legally relevant to the quality of a legal complaint, any shift in the 
subjective assessment of a document's argument on the basis of experimental treatment assignment would 
suggest a distortionary character of the AI relative to not having AI assistance. We anticipated detecting any such 
distortion through the multiple-choice question. In the case of the freeform text input, we envisioned using this to 
see what amount of effort and expression participants invested in providing an explanation as well as what the 
quality of that explanation might be.
Behavioral measures

By programming our proprietary web interface to record some behavioral data observable in a web browser, we 
collected indicia of how participants behaved during the experiment. We recorded the time that participants began 
and ended each individual document's task as well as the timestamps for answering each question and for each 
mouse click. We also recorded participants' scrolling behavior in 1 s increments; every second we recorded the 
topmost and bottommost text that was visible to the participant. In this way we could get at basic  [*995]  procedural 
questions, such as whether participants revisited questions or whether they revisited portions of the text after their 
initial read. In another paper, we also report on the allocation of attention and potential effects of the AI assistance 
on the allocation of attention (Nielsen et al., 2023).
Overview of relationship between experimental measures and legal work quality

The variables we track in this experiment are highly heterogeneous and may not obviously cohere as a test of the 
quality of legal work. We therefore now provide an overview of the ensemble of metrics to describe how these 
variables offer a holistic assessment of the quality of legal work. The outcomes we examine in this work, as an 
ensemble, might offer a potential template upon which to build in future work measuring the effects of AI assistance 
(or other interventions) on legal work processes and outcomes.

The raw experimental measures and their position in a larger conceptual umbrella delineating aspects of legal work 
quality are presented in Table 1. As above, there are three categories of variables, but these are not the same; 
these conceptual categories go to the aspect of quality measured. In contrast, the categories presented supra go to 
the structure of the task and interface; here we seek to show the conceptual groupings.
Experimental procedure

20 Full question text, response choices, and designated correct answer information are available in the Appendix.
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Data was collected via snowball sampling from January to April21 of 2022, with a total of 206 participants recruited 
from nine US law schools, ranging from a law school ranked in the 70s nationally to a law school ranked in the top 
5. Participants were contacted via emails22 distributed by law student organizations or by course instructors. 
Participants who wished to participate clicked on a signup link and provided their email, which had to match a 
whitelisted template for participating law schools. Eligible participants then received an email with a personalized 
link to the experimental interface. We also invited participants to share information with their eligible classmates 
after they completed the experiment, in exchange for a $5 Amazon voucher.

There was no time limit23 for completing the experiment; participants were free to go as quickly or slowly as they 
wished, and they could use a personalized experiment link at any time after sign-up (in practice all participants did 
so shortly after signing up). Compensation for participating was $20 for all participants regardless of how quickly or 
correctly they completed the experiment.24

 [*996] TABLE 1 The variables of interest are computed from the recorded measures, sometimes with an additional 
layer of analysis to create the performance measure.

21 We pre-registered an intention to collect data until August 2022. We left the experiment open until that time; however, we did 
not have any new recruiting opportunities or obtain any new data points after April 2022.

22 The email template that was used for this recruitment is provided in the Appendix.

23 We pre-registered a minimum time requirement of 5 min for inclusion in the data analysis, but we did not enforce a minimum 
time for participants to receive compensation for completing the experiment.

24 We feared that this might lead to low quality data as would be indicated by low levels of accuracy on the textual questions or 
extremely short task completion times, but this was not the case. During the course of the experiment, we monitored the quality 
of participation to prepare for the possibility that it would be necessary to adopt performance-based compensation, if participant 
effort was too low. However, this proved not to be the case, and so compensation was flat and not performance-based for all 
participants.
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Variable for

Category Recorded data analysis Motivation/rationale
Objective Textual question Correctness/accuracy Mastery of case facts and quick text
performance responses inspection are key in case-law driven

measures legal systems (Cordon, 2011;

Gardner, 2021).

Task completion Task completion Reducing legal work time can lower

time time costs and increase access to justice

(Jain, 2022; Moran, 2021).

Exercise of Numerical Numerical quality Indicates whether AI assistance
professional quality rating rating affects judgment quality. A shift in
judgment ratings between treatments suggests

AI-induced bias, requiring normative

assessment (Kahneman et al., 2021).

Freeform text Character count Proxy for participant effort. A shift

explanation of suggests AI-induced behavioral bias.

quality rating Automatically Proxy for effort and professional

assessed grade level standard adherence. Higher reading

level suggests more precise language

(Killian, 2019).

Extractiveness of Measures text overlap with

response complaint document. More overlap

indicates less effort in rephrasing,

akin to student essays expressing

original thoughts.

Exercise of Scrolling Binary indicator of Checks whether participants scrolled
professional position in scrolling until end through the document to provide an
responsibility document of document informed opinion on the complaint's

quality (American Bar

Association, 1983).
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Once participants completed the experiment, compensation was manually emailed to them by a backend software 
support specialist at ETH who did not look at experimental data or participated in the experimental analysis.
 [*997] Analytical methods

We used a between-subject-design so that each participant only saw one. All data analysis was conducted with the 
R statistical package. We applied a number of standard statistical tests when looking at population means and 
distributions in numerical data. We rely mainly on the non-parametric Wilcoxon rank-sum test to compare medians 
of distributions. We also apply parametric two-sided t-tests to compare means, for robustness checks in pairwise 
comparisons. To test for equivalence of two populations, we apply two one-sided t-tests (TOST) with a 
preregistered medium effect size (Cohen's d = 0.5), as implemented in the R TOSTER package (Lakens, 2017). To 
compare distributions, we apply the Kolmogorov-Smirnov test, as implemented in the R stats package, as well as 
the chi-squared test as implemented in base R. The standard errors reported for linear and logistic regressions are 
clustered by participant with the R sandwich (Zeileis et al., 2023) and lmtest (Hothort, 2022) packages. The 
reported results of ordinal logistic regression are computed with the R ordinal package (Christensen, 2023).

In analyzing the freeform text responses, we applied measures of textual complexity and of extractiveness of a text 
sample with respect to the legal documents. To calculate sentence complexity, we computed the Flesch-Kincaid 
grade level (Kincaid et al., 1975) score as implemented in the textstat Python module. To calculate extractiveness 
of the text sample, we computed the ROUGE-1 score of the freeform text with respect to its correlated complaint 
document using the huggingface Python implementation of ROUGE-1 (Lin, 2004).

Our pre-registration included analyses but no directed hypotheses due to the difficulties we encountered in running 
pilot studies.25 In reporting the results, we distinguish between analyses that were announced in the pre-registration 
and those that were not, with the latter labeled as post hoc.
RESULTS

Participants

All 206 participants passed the pre-registered inclusion criteria.26 The mean age of participants was 25.2 years, with 
a standard deviation of 2.8 years. Sixty-nine  [*998]  percent of participants identified as women, 26% as men, and 
2% as non-binary, with 3% declining to answer. Sixty-four percent of participants identified as white, 19% as Asian, 
8% as Black,27 and 12% as Hispanic or Latino.28

The participating law schools were located in a variety of geographic regions across the country. The rankings of 
the law schools varied from a top 5 institution as the highest ranking to an institution with a ranking in the 70s.29 
Ninety-three percent of participants were pursuing a J.D. degree, with the rest pursuing a master's degree. Of the 

25 Law students are a scarce participant population to access. We therefore attempted to conduct pilot studies with Amazon 
Mechanical Turk, but the task appears to have been too difficult for a meaningful experiment. mTurk workers completed the task 
with very low rates of accuracy. Even with performance-based compensation, accuracy rates were low and behavioral data 
suggested low effort (very fast completion times, minimal scrolling within the document).

26 The criteria for inclusion were twofold: (1) taking a total of at least 5 min to complete the task and (2) scoring an accuracy level 
on textual questions of at least one standard deviation above the 25% accuracy value than would be achieved in expectation 
through random guessing. Further, 206 students began the experiment, and 206 students completed the experiment. We did not 
record any students dropping out part way through the experiment.

27 Participants could select more than one ethnic affiliation.

28 The sample included a larger portion of women and slightly larger portion of white students than was reported in the publicly 
available demographic information about the sampled law schools, although we did not have information regarding the 
demographic qualities of the specific students exposed to solicitations to participate in our experiment (often this would have 
been a specific class or student group, which might have different demographic statistics than the student body at large).

29 The effects we describe persisted on a within-institution basis as assessed through a qualitative assessment; we did not 
perform a statistical analysis due to the small sample size from each institution.
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J.D. degree participants, 49% were 1Ls, 26% were 2Ls, and 21% were 3Ls. Exploratory data analysis did not show 
any effect of demographic category or year of study in the experimental measures.
Task completion time

We begin by considering the task completion time, with mean task completion times shown in Figure 3.30 The mean 
times to complete the experiment ranged from under 16 min (941 s) for the Highlighting Only group to over 22 min 
(1338 s) for the No AI treatment, reflecting a 29.7% reduction in task completion time for the Highlighting Only 
group.31 This difference between Highlighting Only and No AI was significant, (post hoc, Wilcoxon, p < 0.01; t-test, p 
= 0.01) as was the difference between Highlighting Only and Full AI (post hoc, Wilcoxon, p < 0.1; t-test, p < 0.1). 
The difference between the time to completion in the No AI and Summary Only treatments was not statistically 
significant (post hoc, Wilcoxon, p = 1; t-test, p = 0.8). All pairwise comparisons are reported in Table 2.32

The pattern of timing is interesting not only because Highlighting Only significantly reduces the completion time but 
also because Highlighting Only represents an interior solution in the space of AI assistance tested in this 
experiment. Highlighting Only reduces task completion time relative to No AI but also relative to Full AI. This relative 
slowness of Full AI is not due to the summary being detrimental-completion times for the Summary Only group were 
statistically equivalent33 to completion times for the No AI treatment. Rather we here experimentally demonstrate 
the importance of calibrating the amount and form of AI assistance provided during human-machine cooperation to 
complete a legal task.

 [*999] 

FIGURE 3 The mean time to complete experiment varied significantly by experimental treatment. Error bars 
indicate ±standard error.

TABLE 2 Post hoc pairwise comparisons of mean time to task completion.

Note: The Highlighting Only treatment reduces task completion time significantly relative to all other treatments. 
Primary indicators report significance levels for Wilcoxon rank sum tests. Indicators in parentheses report 
significance levels for t-tests.

' p < 0.1;

*p < 0.01; **p < 0.001.

30 Plots of the distributions of task completion time are in Figure 1.

31 We measured the time to complete the experiment as the sum of the times necessary to complete the set of questions for 
each of the three documents; in other words, a participant's completion time was computed as the sum of the time to review and 
answer all questions for Document 1 and for Document 2 and for Document 3. In this way, we excluded any time that would 
have reflected the consent screen, the exit survey, or transitioning between documents.

32 We chose a non-parametric test as our primary statistical criterion due to our expectation that the distribution of outcomes 
need not match the distribution assumed for a t-test. The t-test was used as a robustness check.

33 A two-one sided t-test confirms that Summary Only and No AI are statistically equivalent (p < 0.05, Cohen's d = 0.5).
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Mean (SD) Highlighting Summary Full ML
No ML 1338 (948) <0.01* (<0.01*) 1 (0.8) 0.4 (0.2)
Highlighting 933 (468) <0.001** <0.10'

<0.01* <0.10'

Summary 1294 (818) 0.3 (0.3)

Full ML 1136 (580)

Of course, speeding up work may occur for a variety of reasons, including carelessness or overconfidence. It could 
be that the treatment that enabled participants to work the fastest did so at the expense of work quality. If a 
mechanism of lower effort or lower care explains the lower task completion time for the Highlighting Only treatment, 
we would expect to see that the speed gains came at the price of reduced work quality. We therefore next turn to 
accuracy in  [*1000]  the recall and information retrieval textual questions to see whether the timing results reflect a 
time-accuracy trade-off.
Accuracy

The mean accuracy in responding to the textual questions was strikingly similar (and high34) across treatment 
groups, ranging from M = 85.4% (SD = 14.6%) in the Full AI condition to M = 87.7% (SD = 12.5%) in the Summary 
Only condition. The difference between the highest and lowest performing groups was not statistically significant 
(Wilcoxon, p = 0.7; t-test, p = 0.8). Indeed, the two groups were statistically equivalent as assessed by a TOST 
analysis for a medium effect size (post hoc,35p < 0.01, Cohen's d = 0.5). The AI treatments therefore had had no 
impact on the mean accuracy of responses to the textual questions, as shown in Figure 4.

Even if mean accuracy did not vary across treatments it could still be that potential differences in the distribution 
might raise concerns about AI-assisted work quality. We therefore tested for differences in the distributions of 
accuracy scores36 using Kolmogorov-Smirnov tests. However, there were no statistically significant differences in 
the accuracy score distributions across treatments. In all pairwise comparisons, the distributions were not 
statistically different (post hoc, p > 0.2 for all pairwise comparisons).37 Likewise, chi-square tests for the rates of 
achieving the highest levels of accuracy (at least 95% accuracy, or, no more than 1 question wrong) indicated no 
difference in the rate of achieving very high levels of accuracy across the AI treatments (post hoc, p > 0.8 in all 
cases) (Figure 4).

The results for accuracy suggest that both the mean accuracy and the distribution of accuracy within treatment 
groups did not vary in response to the experimental treatment. In view of the substantial speed-up we see with 
Highlighting Only, the statistical equivalence in mean accuracy and in distributions of accuracy seem promising. Of 
course, it is possible that AI that speeds participants up distorts their performance in ways not tied to accuracy; we 
therefore next consider indicators associated with discretionary judgment and professional responsibility.

34 We consider the accuracy high given that compensation was flat; there was no financial incentive to gain a high accuracy and 
yet participants nonetheless took substantial amounts of time to locate correct answers.

35 All equivalence tests are post hoc as we neglected to explicitly mention these tests in our pre-registration. We did, however, 
account for the possibility of equivalence in our open-ended listing of potential outcomes.

36 Distribution plots for accuracy are shown in Figure A2.

37 Plots of the distributions of accuracy are available in the Appendix. We inspected distributions in part due to inspiration from 
Stevenson and Doleac's work, where the authors found changes in the distribution of sentencing leniency even as the overall 
rate of incarceration remained unchanged.
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 [*1001] 

FIGURE 4 Mean accuracy across treatment groups was statistically equivalent.
Discretionary judgment and professional responsibility

The last two questions on each task consisted of a Likert scale rating of the quality of the legal complaint and a 
freeform description to explain the quality rating. We use this data to evaluate discretionary judgment and 
professional responsibility, as described in Table 1. We find no difference in exercise of judgment or responsibility 
across treatments.

We first analyze the numerical quality ratings using a linear regression. We regress quality ratings against the 
document identifier and against the interaction of the two treatment variables. We find significant effects only on the 
document identifiers, consistent with participants finding differences in quality as among the three legal complaints. 
However, results do not exhibit any AIinduced bias in participants' assessment of the complaint document. Full 
results of the regression are reported in Table 3.38

We next consider three effort proxies as described in Table 1: character count, complexity, and extractiveness. As 
shown in Table 3, the patterns for these effort indicators are the same as the pattern for the numerical quality rating. 
Across all three effort proxies, we see that the experimental AI treatments did not systematically bias participants' 
chosen effort level.

Character count represents the number of alpha-numeric characters in a response. Participants were required to 
write a minimum of 20 characters to advance to the next task, but as Table 3 shows, they wrote more, with a mean 
count of around 160 characters. This indicates that participants took the task seriously, providing what they 
regarded as a meaningful response rather than merely the bare minimum. Key to our results we find that 
participants invested the same amount of effort across treatments, as measured by the character count proxy. This 
is significant because it shows that participants in the Highlighting-Only treatments did not save time by cutting 
down on their freeform explanations. Similar results obtain with respect to the sentence complexity ratings and 
extractiveness ratings. This suggests equal effort investment or work quality by  [*1002]  participants across 
treatments. This provides additional evidence that participants in the Highlighting Only treatments did not reduce 
their task completion time by reducing effort or quality in the freeform text inputs. We interpret this as suggesting 
that participants showed the same sense of professional responsibility across treatments.
TABLE 3 The regression analyses for professional judgment and responsibility ratings uniformly show no effect of 
the experimental manipulations.

38 Column 1 of Table 3 reports the results of a linear regression for a Likert scale judgment variable. We have also applied an 
ordinal logistic regression, which yields the same results of non-significance of the experimental treatments. Those results are 
reported in Table A1 in the Appendix.

21 J. Empirical Legal Stud. 979, *1000



Page 18 of 35

Character Complexity Extractiveness

Quality rating count score score
Document 1

4.35*** (0.08) 161.8*** (11.3) 10.04*** (0.48) 0.17*** (0.01)
Document 2

3.87*** (0.08) 120.1*** (11.3) 9.84*** (0.48) 0.17*** (0.01)
Document 3

3.87*** (0.08) 116.9*** (11.3) 8.96*** (0.48) 0.15*** (0.01)
Highlighting -0.07 (0.09) -6.1 (12.6) -0.38 (0.53) 0.009 (0.01)
Summary -0.09 (0.10) 13.3 (12.9) -0.19 (0.55) 0.002 (0.01)
Highlighting * 0.13 (0.14) -20.4 (17.7) 0.49 (0.75) -0.02 (0.02)
Summary
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Finally, we consider the exercise of professional responsibility by examining the reading process itself. We measure 
whether participants read to the end of a document before giving an assessment regarding the quality of that 
document.39 Applying logistic regression analysis, we find no treatment effects on this measure of procedural quality 
as shown in Table 4. Participants' exercise of some minimal level of professional responsibility in this case by 
looking at the whole legal complaint before offering a quality assessment was unaffected by the presence of either 
form of AI assistance.
DISCUSSION

We find that the right kind of AI assistance can speed up the average rate of task completion on a realistic legal 
task while not affecting the means or distributions of measurements of the quality of legal work and process. 
Further, we  [*1003]  document the possibility of too much AI, showing that too much assistance can reduce the 
benefits of human-machine cooperation in legal work.
TABLE 4 Logistic regression analyses for odds likelihood ratio of reading legal complaint document through to 
completion.

Variable Estimate
Document 1 -0.37 (0.22)
Document 2 -1.24*** (0.25)
Document 3 0.61** (0.22)
Highlighting -0.08 (0.25)
Summary -0.15 (0.26)
Highlighting * Summary -0.05 (0.36)

p < 0.05;

*p< 0.01; **p< 0.001; ***p< 0.0001.

The fact that the Highlighting Only was so helpful may seem foreordained to a reader with the benefit of hindsight 
but was in fact surprising. The highlighting could easily have proved distracting, at least when the highlighted 
content did not overlap with a question. The highlighting being helpful was especially unexpected considering it was 
not trained with the intention of being helpful to humans, but rather is a byproduct of training the AI to produce one 
sentence summaries. It is not entirely surprising that the highlighting points to useful information, but this was far 
from guaranteed.

Our study also shows an instance, in which repurposing AI outputs a practice sometimes regarded as potentially 
troubling (Nielsen, 2021) worked. We took an AI product trained for one task and one population (to assist expert 
attorney employees in producing publishable one sentence summaries of complaint documents) and tested it on 
another task and another population.

Of course, an optimistic interpretation of the benefits of AI in the legal system depends on the external validity of our 
results. In understanding how likely these results are to generalize, it would be helpful to understand why 
Highlighting Only speeds up work without sacrificing quality. While our experiment does not definitively answer this 
question, we present some circumstantial evidence that tends to rule out possibilities relating to the information 
content of the highlighting. We also present circumstantial evidence that highlighting did not work through making 
participants overconfident, suggesting that the highlighting likewise does not work through an exclusively affective 
mechanism. Likely the mechanism involves both cognitive and affective mechanism.

39 It is possible that the language and structure of a complaint is so formulaic that it is unnecessary to read to the end of a 
document. Likewise, it is possible that participants read to the effective end of a document but did not scroll to see structural 
elements such as a signature or formatting at the end of the document. We account for these possibilities by defining the end of 
the document as the maximum position with the complaint to which at least 10% of participants had scrolled. In two cases, more 
than 50% of participants had scrolled to that maximum position and in one case roughly 15% of participants had scrolled to that 
maximum position. We also examined these empirically defined ending positions and found these were reasonably the end of 
the documents. Further, the results presented here were robust to different cutoffs for defining the end of the document.
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Highlighting did not change the distribution of participants' answers

One plausible mechanism for the highlighting to speed up participant performance without any trade-off in quality 
could be that the highlighting contained  [*1004]  answers to questions and therefore was a useful source of 
information. If this were the case, we would expect that participants with highlighting performed better than those 
without highlighting on questions for which the response was highlighted. However, this was not the case, as we 
confirmed with a chi-square distribution test in which we looked at whether participants with access to highlighting 
performed better than participants without highlighting on questions for which the correct response was highlighted, 
but we found no statistical differences between the groups (chi-square test, post hoc, p > 0.05 in all cases).

We also considered a broader version of this mechanism, in which highlighting in some other way affected the 
content of salient text to participants. Even if participants with access to highlighting did not do better on questions 
for which the correct response was highlighted, it could be that highlighting conveyed information or otherwise 
changed the information most salient to participants. If this were the case, we might expect the pattern of wrong 
responses to be different as between participants who had access to highlighting and those who didn't. Again, 
however, we found no difference in the distribution of responses, correct or incorrect, to any individual question 
among the different experimental treatments (chi-square test, post hoc, p > 0.05 in all cases). Examples of 
distributions for individual questions are shown in Figures A6 and A7 for the case of No AI and Highlighting Only.

In short, there is no statistical difference we observe in how participants answered the multiple-choice questions. 
Not only is accuracy the same across experimental treatments, but the pattern of response choices (correct or 
incorrect) is also statistically indistinguishable.
Highlighting did not lead participants to be overconfident in theirperformance

As we were collecting data, we performed exploratory data analysis that might lead us to pre-register further 
analyses or monitor for any potential reasons to pause or redesign the experiment.40 We introduced a subjective 
self-assessment to the exit survey that includes data from approximately 1/3 of the total participant pool (N = 68). 
Participants were asked to rate, on a 5-point Likert scale, how strongly they agreed that "I performed well on the 
tasks in this experiment." With this additional question, we sought to understand whether an affective rather than 
informational mechanism might explain the efficiency gain of the Highlighting Only condition.

In the subjective performance assessments, there was no statistically significant difference in the mean rating 
among the four treatment groups, which  [*1005]  ranged from M = 3.5 (SD = 1.2) in the case of No AI to a mean of 
M = 4.1 (SD = 1.0) in the case of Full AI (post hoc, W = 171, p = 0.2). The full distributions for self-reported 
performance assessments are shown in Figure A5.

Participants had a good sense of their performance on the task. We regressed accuracy on both the experimental 
treatments (previously found to have a null effect) and subjective performance.41 Subjective performance was 
predictive of accuracy (post hoc,   = 0.68, SD = 0.30, p < 0.05), while the experimental treatments again showed a 
null effect. We interpret these findings as suggesting that participants had a good sense of whether they had 
located the correct answers to questions regardless of the experimental treatment to which they were assigned.42 If 
there had been differences among ML treatments in the effect of subjective performance, this could have suggested 
an affective mechanism: for example, perhaps the Highlighting Only treatment biased participants to be more 
confident relative to the rest of the subject pool. However, we found no evidence for this or other affective 
mechanisms that might work through biasing confidence.

On the other hand, we speculate that participants took however much time was necessary to achieve high 
performance because in this task, they had real-time feedback in that they could easily know whether they had 
found the relevant complaint text. The time that was ultimately necessary was systematically different depending on 

40 We indicated this intentional in our initial pre-registration document. With this modification we did not deviate from our initial 
procedure other than in adding one additional question to our exit survey.

41 We did not include an interaction term in the regression due to the small number of participants.

42 Given that the correct answers were designed to be clear from the text of the complaint, this is unsurprising.
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the AI treatment. If this interpretation is correct, we expect that an experiment with sufficiently constraining 
exogenous time pressure would bring about accuracy differentials under time pressure that appear in this paper as 
time differentials without time pressure. In other words, we would expect, under time pressure, that participants with 
highlighting should demonstrate higher accuracy than participants without highlighting.
Limitations

We highlight the novel contribution of our results in pointing the way toward a positive outcome one that could 
increase the efficiency of legal work without any identifiable costs. However, the appropriate degree of optimism 
about these experimental results depends on the expected external validity of a sample of around 200 law students 
and of the experimental task.

Consider first that the sample is small relative to the effect sizes that may matter to some readers. Even with this 
small sample, the efficiency gain was easily detected because it is so substantial. It could be, however, that the null 
effect of the AI manipulation in this experiment is a result of the small sample size  [*1006]  rather than a true null. 
Our sample permits the construction of confidence intervals (reported supra) on any such differences. Thus, where 
these potential differences matter can already be assessed by any reader who brings a normative prior as to the 
acceptable effect sizes of any such differences. Further, it is possible that there aren't any trade-offs at all it is 
possible that the Highlighting Only treatment might also produce an as-yet undetected improvement in accuracy. 
Even if there are trade-offs, our results show the bounds as to these tradeoffs and suggest that the Highlighting 
Only treatment is a good option.

Next consider what limitations may be imposed by the sample population, law students. It has previously been 
shown that results from law students may not replicate on attorneys, judges, or other professionals involved in the 
administration of law. Both Spamann and Klöhn (2022) and Kahan et al. (2016) found that law students and judges 
do not behave similarly in legal task experiments. On the other hand, the experimental task in this study is different 
from those of the previous works. The task of information recall or retrieval may be less amenable to prejudice or 
affect, a mechanism that seemed to explain some of the differences identified in the prior study, suggesting one key 
distinction as between this experiment and studies showing that law student behavior does not generalize to legal 
professionals. In prior studies, ideology or other legally irrelevant factors affected judges and students differently in 
the experimental task, but they were also asked to make ultimate judgments rather than to identify facts or 
otherwise engage in smaller procedural steps that involved less discretion. Further, previous studies consisted of 
tasks (making case judgments) more often performed by senior legal professionals, whereas our task focused on 
tasks more likely to be performed by junior legal professionals, such as law clerks or junior law firm associates. 
Future methodological work should look to whether the tasks we study here might be ones in which law students 
behave similarly to legal professionals.

Another factor limiting external validity is that participants may not have faced the same time pressure as working 
professionals would. Judges, attorneys, and even law clerks work under heavy time pressure and are often said to 
face overwhelming caseloads (Judicial Council of California, 2020). The law student participants in this study took 
the time necessary to achieve high levels of accuracy, despite no monetary incentive to do so. In other words, it 
appeared that their drive to do good work could often be satisfied despite any constraints imposed on them by law 
school coursework or other family obligations; it is not so clear that practicing attorneys or judicial clerks have this 
same luxury in all cases. Future work could test the AI assistance under exogenously time constrained 
circumstances to see whether the advantages of Highlighting Only persist under strong time pressure.43

 [*1007]  In this experiment, we looked at short-term outcomes during a single experimental session. It is possible 
that the effects we find might diminish or qualitatively change for users who adopted the AI assistance into their 
everyday legal practice. There is precedent for this in the literature, as with Stevenson and Doleac's (2022) findings, 
discussed supra, that the impact of a risk instrument tool diminished over time. On the other hand, there are 
reasons to imagine that the effects would remain steady and or might even grow. Users of the tool could come to 
trust the tool more, or alternatively become more adept at knowing its strengths and weaknesses, producing even 

43 In a pilot study of law students with exogenous time pressure, the time pressure did not eliminate time differences between 
treatments. Results available from authors upon request.
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greater efficiency gains over time compared to their first experience. A distinction between our tool and the risk 
instrument tool studied in Stevenson and Doleac's work is that for our task and tool of interest it is unlikely that 
participants would have strong priors or ideological preferences that would systematically contravene the AI 
assistance, in contrast to the case of a risk instrument where judges might systematically prefer leniency or 
systematically have priors that make them inclined to disagree with the risk assessment tool. Future work could look 
to the long-term outcomes of access to highlighting to confirm that the efficiency gains we identify would indeed be 
long-lasting.

Our conclusions should be interpreted as a demonstration of possibility rather than a guarantee of success of AI for 
enhancing legal work efficiency. Our conclusions are also specific to the task we studied. We do not argue that 
highlighting is a better intervention for all legal outcomes; we show only that highlighting enhances efficiency 
without introducing distortions into legal work for the specific task studied here. It is quite likely that for other legal 
tasks, another form of AI assistance would be superior. For example, one could imagine that the summary but not 
the highlighting would speed participants up if they were tasked with identifying relevant precedent for a given set of 
facts, another common but distinct legal task often performed by junior attorneys.

In a time of rapid AI proliferation combined with a relative lack of expertise as to the best ways to use AI, the form of 
AI assistance we study here, as a tool rather than a replacement for human decision makers, is the most likely form 
we will see (and already do see) adapted in legal work. In the absence of deliberate policy change, legal AI tools 
that speed up legal work without otherwise biasing the quality of that work are likely preferable to AI tools with 
unknown effects or with known distortions. Thus, even with the limitations discussed here, our findings suggest 
reason for optimism and rapid adoption of forms of AI assistance known to enhance efficiency and therefore likely 
to prove helpful in increasing access to legal work and to the justice system.
CONCLUSION

To date, the empirical literature on AI assistance in legal applications has mostly been limited to a focus on use 
cases by government actors working in  [*1008]  criminal justice with unidimensional risk-scoring instruments. 
Existing studies have not demonstrated consistent or significant gains from algorithmic assistance, despite obvious 
theoretical benefits of AI in the legal system. We demonstrate a substantial gain in legal work efficiency without loss 
of work quality and without substantial training for human users. The effect is an interior solution, that is one in 
which the right kind of AI assistance, and not more, proves most useful within the set of possibilities we test. In 
proposing, measuring, and analyzing a range of metrics to assess the impact of the AI tool in the hands of humans, 
we put forward a simple rubric for evaluating AI assistance in legal tasks upon which future research can build.
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APPENDIX

Selection of complaint documents for experiment

We selected three legal complaint documents of varying length and legal complexity. In order of task presentation, 
the legal complaint documents concerned an employment discrimination lawsuit, fraud in an LLC, and a claim for 
attorney's fees under the Fair Credit Reporting Act. When selecting legal complaint documents, we faced several 
constraints as they related to the provision of a sample from which to choose and as they related with respect to the 
number of complaints we could hope to test in the experiment. We describe those limitations and our selection 
priorities and process here.

We were limited to the complaints provided to us by our industry partner because we did not have direct access to 
the AI tool but rather only to its inputs and outputs. We therefore cannot and do not put forward any assertions 
regarding the quality of the model outputs generally. As reported by Norkute et al. (2021), in a blinded study 
conducted by expert attorney labeling, 75% of the one-sentence summaries generated by the model were judged 
acceptable for publication, as compared to 88% of those created by humans. For purposes of this experiment, 
having access to the algorithm or only to its inputs and outputs is indistinguishable. Our industry partner provided 
100 randomly selected legal complaint documents along with the corresponding AI-generated summaries and 
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highlighting. These same documents had been reviewed by two attorney employee raters who independently 
checked whether the AI summaries were publication ready.

We also faced constraints due to the difficulty of recruiting law students for experimental studies. We designed the 
experiment to minimize variation in the experiment that might otherwise arise from experimental permutations in 
ordering or arrangement of texts rather than from the AI features, to minimize the  [*1012]  variation in outcomes 
that would not directly relate to AI feature availability. We also needed to keep the length of time of the experiment 
relatively short to mitigate concerns about difficulties in recruiting students. Small initial pilot tests led us to selecting 
three documents as the right number for a 20-min experiment.

We limited our selection of complaints to those for which the model produced an output that was judged publication-
ready by both of two attorney raters. Therefore, by design, we study in this experiment the effects of AI assistance, 
when that AI assistance is of a presumptively good standard. However, this selection is already representative of 
most outputs from the AI tool if not of all outputs. Fifty-eight out of 100 documents were rated by both attorneys as 
publication-ready, while 91 out of 100 were rated as such by at least one attorney reviewer. In contrast to our 
choice, we recognize that the growing body of literature on algorithmic aversion looks to the impact on human users 
of algorithmic mistakes. This is a key area for future investigation and is also important for understanding how AI 
assistance will affect real world legal practice (Dietvorst et al., 2015).

Winnowing the cases based on the publication-ready rating left 58 complaints for review. Next, without knowledge 
of the content of the AI summaries or highlighting, one of us manually reviewed 22 cases.44 The author reviewed 
cases looking for complaints that included good quality optical character recognition (that is, cases in which the 
conversion of pdf images into plain text was of good quality), a range of legal topics, a maximum word count 
consistent with the maximum length of the AI model, and well delineated and sufficiently complex facts and law so 
that there would be enough content for question generation. This was done manually but could have been an 
automated process based on character count. In the interests of quality, of user experience, and of conforming to 
our experimental remit to study well-performing AI, we further limited ourselves to reviewing documents that were 
not so long that the inputs exceeded the input capacity of the algorithm. If we had included lengthier complaint 
documents, this would have resulted in highlighting that did not run the full length of the document and therefore 
would not follow our self-appointed task of testing the impact of well performing AI assistance. Of the 22 cases that 
were manually reviewed, 3 cases were discarded because their length ran longer than the model's maximum input 
length.

Of these 22 cases reviewed by an author, 8 documents were selected and assigned to several legal student 
research assistants for review and question generation as representing a range of difficulties and topic areas.45 The 
research assistants were instructed to draft multiple choice questions of varying levels of  [*1013]  difficulty 
regarding what they identified as the key facts or legal assertions in the document. The questions were generated 
without knowledge that AI summaries or highlighting existed and without knowledge of the experiment design and 
hypotheses. The questions were then reviewed by the researchers, who remained blind to the content of the AI 
summaries or highlighting when selecting46 the questions and documents for inclusion. The researchers selected 
the documents where the question quality from the research assistants was highest.

44 Review of 22 randomly selected cases from the subset of cases rated as having an acceptable summary yielded more 
candidate complaints than could be included in the survey. We therefore judged this to be adequate for candidate selection and 
question generation.

45 The spreadsheet maintained by the author during complaint review and the text of the rejected complaints are available upon 
reasonable request.

46 The researchers sought to ensure that questions were not redundant and had varying levels of difficulty in recall or retrieval of 
information. The questions were selected based on discretionary judgment and were not studied with pilots or with feedback 
from third parties.
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FIGURE A1 The distribution of task completion time for the four experimental treatments. (Three participants who 
took more than 60 min to complete the experiment were removed from the visualization to reduce the spread along 
the x-axis but were not otherwise removed from the data analysis).

FIGURE A2 The distribution of accuracy for the four experimental treatments.

 [*1014]  Ultimately, we selected three complaints that covered a variety of legal topics, had questions of varying 
difficulty level, and for which the question-answers were well-distributed throughout the text of the document. The 
three legal complaints covered (in order presented) topics of employment discrimination on the basis of race, fraud 
by one partner in a limited liability company (LLC) perpetrated against the other partners in conveying away real 
property held by the LLC, and recovery of attorney's fees for a previously litigated violation of the Fair Credit 
Reporting Act (FCRA).47 The documents were chosen without any pilot data about performance on the questions 
and without any knowledge of the content of the summary or highlighting for the documents.
Distribution of task time and textual question accuracy

47 These three legal complaint documents are available in pdf form 
https://drive.google.com/drive/folders/1KQPxkRIszkTPV_nYVjjEssmM_7Bl6kG?usp=share_link.
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See Figure A1.
Subjective performance assessments versus accuracy

Mean accuracy and task completion time per self-reported performance bin (error bars are +/-1 standard error) are 
presented in Figures A3 and A4.

See Figures A3 and A4.
Recruitment email template

Subject line: Get paid to try out some new legal tech!

Dear Student,

We are writing to invite you to participate in a well-compensated legal technology experiment ($20 for 20 min). 
Researchers at ETH Zurich and Thomson Reuters (Westlaw) are actively recruiting law students to participate in 
this experiment regarding the use of proprietary technology for processing legal complaints.

The experiment will take about 20 min in total, and you will be compensated with a $20 Amazon gift card. The 
experiment involves reading a few short legal complaint documents and answering multiple choice questions about 
the complaints.

To sign up for the experiment, go to this link: [link here].

Please feel free to share this invitation with any [law school name here] law school peers who would be interested 
in participating. A law school email address at [law school name here] is needed to sign up for the experiment, and 
any student currently studying at [law school name here] law is eligible to participate.

 [*1015] 

FIGURE A3 Mean accuracy for each experimental treatment for each value of self-reported performance (errors 
bars are +/-standard error).
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FIGURE A4 Mean task completion time for each experimental treatment for each value of self-reported 
performance (errors bars are +/-standard error).

Thank you for your interest in our experiment!

Sincerely,

The ETH Zurich LawTech team

 [*1016] 

FIGURE A5 Distribution of self-reported performance ratings for the four experimental treatments.
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FIGURE A6 Distribution of responses for No AI treatment.
Full question text per document

Document 1

In which state was Arising Industries, Inc. qualified and licensed to do business?
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 [*1017] 

FIGURE A7 Distribution of answers for Highlighting Only treatment.

TABLE A1 Logistic ordinal regression for the subjective complaint quality ratings shows significant predictive value 
only of the document identifier, confirming the results presented in Table 3 with a standard linear regression.

Variable Estimate
Document 2 -1.42*** (0.20)
Document 3 -1.39*** (0.20)
Highlighting -0.13 (0.22)
Summary -0.22 (0.23)
Highlighting * Summary 0.37 (0.32)

p < 0.05;

*p < 0.01; **p < 0.001; ***p < 0.0001.

1. Michigan

2. Georgia (answer)

3. Kentucky

4. California

 [*1018]  According to the complaint, what work role did Mr. Smalls perform at Arising Industries, Inc.?

1. Axle and tire installation (answer)

2. Painter
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3. Automotive mechanic

4. Warehouse clerk

According to the complaint, what did Mr. Smalls begin to experience at the Hazlehurst, Georgia plant in March 
2016?

1. Discrimination on the basis of sexual orientation

2. Discrimination on the basis of religion

3. Discrimination on the basis of gender

4. Discrimination on the basis of race (answer)

According to the complaint, what was Mr. Edward Justice's role at the Hazlehurst, Georgia plant?

1. Customer

2. Co-worker

3. Manager (answer)

4. Applicant

According to the complaint, what happened to Mr. Smalls in or about May 2016?

1. He was promoted (answer)

2. He was dismissed

3. He was given leave of absence

4. He received a gratuity

According to the complaint, what did Mr. Smalls request from Mr. Justice on December 1, 2016?

1. An employee reference

2. A paycheck

3. A separation notice (answer)

4. Wage increase

Based on your best assessment of the case given the information provided in the document, should the plaintiff 
prevail on the merits? [*1019] 

1. Definitely yes

2. Probably yes

3. Neither yes nor no

4. Probably no

5. Definitely no

Please explain the reasons for your assessment of the merits of plaintiff's argument.

[freeform text input, 20 character minimum, no pasting permitted].
Document 2

For what purposes was 88 Street formed?

1. For the purposes of selling a parcel of real estate in Elmhurst, Queens

2. For the purposes of renovating a building in Elmhurst, Queens
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3. For the purposes of engaging in real estate development in Queens (answer)

4. For the purposes of limiting landlord liability

Who among the plaintiffs agreed to appoint Mr. Dai the 'managing member' of 88 Street?

1. All

2. None (answer)

3. None, except Mr. Aung Myint Soe

4. All, except Mr. Bin Bin Zhou

How did Mr. Dai's role at 88 Street appear to change over time?

1. He was increasingly excluded from internal decision-making processes

2. He increasingly assumed the duties and responsibilities of the managing member, and likely held himself out 
as such (answer)

3. He increasingly sold his capital contributions and thereby lost his right to vote

4. He increasingly urged greater transparency in the business accounting methods of 88 Street

What was the purpose of the purchase of the Elmhurst properties by 88 Street?

1. To convert cash and cash equivalents into assets

2. To develop these properties and re-sell them (answer)

3. To set up a headquarters for 88 Street within these properties

4. To have apartments built into these properties and to rent them out eventually

 [*1020]  Why was Mr. Dai's purported transfer of a membership interest to Khan invalid on its face?

1. It violated the clear letter of the operating agreement (answer)

2. It lacked a sufficiently clear description of the property

3. It violated involved illegal activities

4. It was severely one-sided

What was the plaintiffs' understanding from 2011 through July 2015?

1. That Somerset Financial Group held the majority of shares in 88 Street

2. That each owned a portion of 88 Street proportional to their initial capital investments (answer)

3. That they collectively were managing members of 88 Street

4. That the Elmhurst properties were losing value

What was the alleged role of Astoria Blvd. in the transfer of property?

1. It is a subsidiary of Somerset Financial fully owned by it

2. 88 Street took out a mortgage from Astoria Blvd

3. Somerset Financial assigned the loan it had made to 88 Street to Astoria Blvd (answer)

4. Astoria Blvd was used as collateral for the loan taken from Somerset Financial

What was the last action Mr. Khan allegedly undertook with respect to the parcels of land originally purchased by 88 
Street?

1. The parcels were transferred to Avenue Astoria without any consideration (answer)
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2. The parcels were used as collateral for the loan taken out from Somerset Financial

3. The parcels were transferred to Dai for a price well below the market

4. The parcels remained the property of 88 Street

Based on your best assessment of the case given the information provided in the document, should the plaintiff 
prevail on the merits?

1. Definitely yes

2. Probably yes

3. Neither yes nor no

4. Probably no

5. Definitely no

 [*1021]  Please explain the reasons for your assessment of the merits of plaintiff's argument.

[freeform text input, 20 character minimum, no pasting permitted].
Document 3

In which state is Portfolio Recovery Associates organized?

1. Delaware (answer)

2. New York

3. Michigan

4. California

In which state does Portfolio Recovery Associates have an address for service?

1. Delaware

2. New York (answer)

3. Michigan

4. California

Which actions of Portfolio can be characterized as unfair practices under 15 U.S. Code § 1692f?

1. Portfolio called itself Portfolio LLC A/P/O GE Capital Retail Bank in the collection claim

2. Portfolio acted as a debt collector despite not being registered as a debt collector

3. Portfolio tried to collect credit card debt that it didn't own (answer)

4. Portfolio used false representations to obtain information concerning a consumer

The action of the plaintiff against the defendant Portfolio Recovery Associates aims to?

1. Secure an injunction against debt collection
2. Secure a declaratory judgment that Portfolio Recovery Associates engaged in unlawful conduct [*1022] 

3. Secure a declaratory judgment about the lack of standing for the debt collection

4. Obtain compensatory damages for previous court proceeding and legal fees (answer)

Which of the following is not included in the compensation plaintiff is seeking?

1. Actual damages in the amount of $640

2. Compensation for plaintiff's lost time, estimated at a reasonable hourly rate (answer)
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3. Statutory damages of $1000

4. Costs and reasonable attorney fees of this action

What is the statutory basis for statutory damages demanded by the Plaintiff?

1. 15 U.S.C. § 1692cof the FDCPA

2. 15 U.S.C. § 1692eof the FDCPA

3. 15 U.S.C. § 1692fof the FDCPA

4. 15 U.S.C. § 1692k of the FDCPA (answer)

Based on your best assessment of the case given the information provided in the document, should the plaintiff 
prevail on the merits?

1. Definitely yes

2. Probably yes

3. Neither yes nor no

4. Probably no

5. Definitely no

Please explain the reasons for your assessment of the merits of plaintiff's argument.

[freeform text input, 20 character minimum, no pasting permitted].
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