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Abstract

In our interdisciplinary, collaborative research,
we have found that humanities and social sci-
ence researchers would like to analyze data un-
derlying LLMs as well as study how language
tools (e.g., emotion detection) work on their
data. Existing tools, while potentially enabling,
are often unintuitive for such researchers or
do not provide them enough agency over how
the analysis is conducted. In this paper, we
introduce CorpusLens, an LLM-based tool to
aid social, humanistic, and language science
researchers in exploratory textual data analysis.
We present the design of CorpusLens as well
as a user study showing that researchers found
CorpusLens to be more helpful than prior tools
they had used, while also rating it as intuitive,
easy to use, transparent and enabling of novel
analyses. !

1 Introduction

In a long-standing collaboration among social work
researchers, sociolinguists, and computer scien-
tists, our team has studied large language mod-
els’ (LLMs) understanding of African American
Language (AAL) (Deas et al., 2023; Kleiner et al.,
2024; Grieser et al., 2023; Deas et al., 2024, 2025;
McKeown et al., 2026) alongside digital expres-
sions of Black grief (Patton et al., 2025a, 2024,
2025b). Throughout our collaboration, language
technologies have been both the subject of critical
study (e.g., identifying the ways in which LLMs
fail to comprehend AAL) as well as the tools we
leveraged to analyze large-scale textual data to in-
vestigate social, humanistic, and linguistic ques-
tions (e.g., surfacing themes in discussions of grief
online).
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Figure 1: Overview of the CorpusLens system. An
LLM data analysis agent (COMPASS) facilitates social,
humanistic, and language science researchers’ data anal-
yses, serving as an interface to the underlying textual
data as well as NLP tools for text analysis.

Our follow-up studies to our work showing that
LLMs struggle to understand AAL (Deas et al.,
2023) have, in part, focused on analysis of data
to understand why they struggle. In particular, we
have worked toward identifying particular construc-
tions that were most difficult for LLMs (Grieser
et al., 2023), diving deeper into LLMs’ under-
standing of highly performative use of AAL on-
line (Kleiner et al., 2024), and quantitatively an-
alyzing the representation of AAL in large-scale
pretraining corpora (Deas et al., 2025). In all cases,
we have seen the need for insights from the dif-
ferent disciplines that make up our team: artificial
intelligence (Al) focusing on the use and develop-
ment of analysis tools, sociolinguistics focused on
AAL and its variation, and social work research
contextualizing AAL use and the impacts of LLMs’
failures.

Bridging distinct disciplines to pursue these
questions, however, also presents unique chal-
lenges. The general aim of the aforementioned
studies was to ask linguistic and humanistic ques-
tions about large language corpora. While tools
such as What’s in My Big Data? (WIMBD; Elazar
et al. 2024) and Infinigram (Liu et al., 2024; Xu
et al., 2025) enable efficient search of large corpora,
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they do not lend themselves to more complex anal-
yses (e.g., grammatical patterns, semantic features)
that may yield even more novel insights into the
data. Furthermore, the tools to conduct these or
related analyses often exist behind high technical
barriers to their use. Therefore, there is a clear
need to bridge the gap between these Al tools and
the linguistic and humanistic researchers that may
benefit from them.

Our overall aim is therefore to leverage LLMs as
an interface between researchers, textual data, and
language tools for analyzing such data (illustrated
in Figure 1). In beginning to develop an interface
for exploratory data analysis, we quickly found that
mimicking traditional graphical interfaces was un-
intuitive for social, humanistic, and social science
experts. Through feedback from informal focus
studies, we converged instead on LLMs as facili-
tators of data analysis. By facilitators, we mean
that the model is positioned such that it can pro-
vide more intuitive access to analysis tools, but also
such that decision-making and agency remain with
the researcher.

Our main contributions are as follows. Build-
ing upon an initial design found to be unintu-
itive (Section 3.1), we present an improved, co-
designed LLLM-based interface—CorpusLens—to
better ensure the system is usable and enabling
to researchers (Section 3.2). Domain experts posi-
tively evaluate the tool and rate it as more helpful
on average than alternative software for complex
text analyses. Finally, based on this evaluation, we
discuss opportunities and challenges for LLMs
in this setting (Section 5).

2 Related Work

LLMs and Research Processes. LLMs have in-
creasingly been used to aid researchers in vari-
ous stages of research. For example, LLMs have
been investigated for generating research hypothe-
ses (e.g., Zhou et al. 2024; Liu et al. 2025a) and
conducting literature reviews (Tang et al., 2025;
Wang et al., 2026) such as AI2’s Asta >. In particu-
lar, LLMs and agents have recently been leveraged
for automating data analysis, documentation, and
interpretation (Hong et al., 2025). We focus on
this aspect of the research pipeline, but rather than
studying LLMs for annotating data or conducting
independent analysis, we study LLMs as facilita-
tors, interfacing between researchers, the data to
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be analyzed, and the tools necessary to do so.

LLMs and Humanistic/Social Science. Sig-
nificant progress has been made toward leverag-
ing Al for scientific discovery in, for example,
the physical sciences (e.g., modeling protein and
DNA sequences), mathematics (e.g., automated
theorem proving), and engineering (e.g., inverse
design problems) (van Dijk and Vrkic, 2026; Wang
et al., 2023). LLMs have also, however, been stud-
ied in the context of scaling deductive coding and
data labeling (e.g., Chew et al. 2023) as well as
inductive coding processes (Subbiah et al., 2026)
that are common in humanistic and social science
fields. In linguistics, recent work has also assessed
LLMs’ capabilities in meta-linguistic reasoning
(Yang et al., 2025). Many of these studies, how-
ever, support that LLM-based approaches can lack
transparency and introduce unique biases into the
analysis and interpretation process.

3 System Design

Recall that our primary aim is to develop a sys-
tem enabling researchers in the social, humanistic,
and language sciences to leverage NLP-based data
analysis methods (e.g., emotion classifiers, dialect
classifiers, etc.). Accordingly, we focus on tools
related to thematic and linguistic analysis of text.
We additionally prioritize the following core values
in designing the system:

1. transparency-users should actively be made
clearly aware of how analyses are being con-
ducted with provenance details available;

2. usability—the interface should be intuitive to
use without requiring familiarity with or deep
technical knowledge of NLP methods;

3. user agency-analysis decisions should be
driven by users rather than the LLM; and

4. interactivity—data exploration should be in-
teractive and iteratively refined rather than a
set of static decisions.

We begin by discussing an initial structured version
of the interface. We then discuss the transition to
a final LLM-based system based on discussions
among collaborators.

3.1 Structured Interface

To design CorpusLens, we explored several ver-
sions, iteratively refining our design based on feed-
back from the sociolinguists and social work re-
searchers on our team. In the initial version, users
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were presented with stages of analysis (interface
shown in Appendix A). In the first stage, users
prepared the data in the system, selecting which
corpus to analyze, the number of records to sample,
and various preprocessing steps (e.g., generating
text embeddings or predictions of analysis models).
Following this, users were provided options to aug-
ment and filter the data sample based on numerical
(e.g., sentiment classification scores) and/or qual-
itative (e.g., keyword search) measures. Finally,
selected plots were generated depending on visual-
ization choices (e.g., UMAP plots).

Please visualize the emotion distribution

Making a Plan Records a one-paragraph plan for this turn.

Prepare a chart that visualizes the GoEmotions totals by label to show the
distribution clearly.

Show Chart  Visualizing overall emotion probability mass

adm

00 40 so e 70 800 900 1000
total

The bar chart shows that admiration, gratitude, and approval dominate, each
with much larger total probability mass than the rest, while fear, disgust,

nervousness, and grief barely register.

Let's explore comments that involve admiration. 1

Figure 2: Sample compressed screenshot of LLM-based
interface of CorpusLens. The interface mimics a typical
LLM dialogue window, including inline data visualiza-
tions, tables, and structured requests for user input.

This interface was created to expose users to data
analysis choices, such as filtering, in a structured
way while minimizing the need for highly techni-
cal decisions regarding specific analysis methods.
Through discussions with our collaborators in so-
cial work and sociolinguistics, we found, however,
that this initial interface had a few key limitations.
First, the initial tool was unintuitive, placing a high
burden on users to make many decisions before re-
ceiving results. Additionally, the scaffolded stages
make interactive exploration difficult, with small
changes requiring rerunning earlier stages. Finally,
the static interface is unable to adapt to users’ needs
(e.g., those that may wish to see underlying SQL
queries vs. those that would not find the underlying
queries useful).

3.2 LLM-Based Interface

Due to these limitations, our discussions culmi-
nated in an LLM-based interface (Figure 2) to
lower barriers to using the available tools, enable
interactive analyses, and dynamically adapt to dif-
ferent users.

LLM Facilitator Agent. The core component
of the interface is an LLM agent, which we call
CoMPASS. COMPASS has three primary functions:
1) interpret user queries, 2) carry out analyses, and
3) display results. In other words, COMPASS acts
as a natural language interface to a set of analysis
tools similarly to Text-to-SQL approaches interfac-
ing with databases (e.g., Eyal et al. 2023). COM-
PASS, however, enables iteratively refining queries,
can adapt to user feedback, and is provided tools
for visualizing data and modifying the interface to
facilitate data exploration.

Database. All data being analyzed, tools avail-
able to COMPASS, and additional information (e.g.,
emotion/sentiment labels) are centrally stored in
a DuckDB database (Miihleisen and Raasveldt,
2026). For the database, COMPASS is restricted
only to SQL queries; generally, COMPASS is al-
lowed to perform operations on the database tables
through user-defined functions (UDFs) available
in DuckDB (e.g., a UDF for adding sentiment pre-
dictions). These constraints are implemented to-
ward ensuring that COMPASS remains within the
scope of the users’ request and carrying out anal-
yses rather than performing additional analyses or
freely modifying the data.

Agent Tools. The COMPASS agent is provided
a set of tools for processing data, presenting results,
and modifying the interface. Through data analysis
tools, the agent is able to supplement data with
additional information (e.g., sentiment and emotion
labels, dense embeddings) and filter data samples in
order to address user queries. All tools are defined
and described in a database table accessible to the
COMPASS agent, allowing for easily incorporating
additional tools for use by the agent as well as
displaying such details to the user when requested.

Through interface tools, the agent can make ad-
justments to the interface such as collapsing or
un-collapsing prior results or showing intermedi-
ary steps of a prior analysis based on user requests.
Through visualization tools, the agent is capable of
displaying interactive plots and charts to the user.
Notably, users can select portions of a chart in order
to ask targeted questions about a subset of data in a
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0 get going

What else in the corpus reads like those in the previous selection?

Searching the replies for appearance language
surfaces these, ranked by how strongly each

SEED matches.

@ Source Paper Card

SEED

selection 3 : neighbors of selection 2

a dataset by researchers at Stanford, Google, and

These are the nearest neighbors to your last selection...

selection 2

The emotion model was trained on GoEmotions,

Amazon. That dataset consists of 58 thousand...

Is it her looks they're reacting to, Which replies are the angriest ones?
specifically?

looks / appearance . .

“appearance” hits selection 1 : anger > 0.6

Drag a box across the scatter to select them — I'll

keep that region as a reusable selection.

@ Show Work
SQL
The query gets the emotion label for each sample

and then groups it by the op_gender, which is
the author of that post...

Figure 3: Interactions within a typical CorpusLens session, the initial questions to the user. The figures depict
interaction types enabled by the choice of framework. Notably, the assistant can create components with the capacity

for direct manipulation by the users.

visualization (e.g., "what is the dominant emotion
expressed in these posts?" where "these" refers to
a region in a scatter plot highlighted). Select in-
teractions with the model and available tools are
illustrated in Figure 3, and full details on the initial
set of tools implemented for this study are included
in Appendix C. Notably, CorpusLens is intended
to allow research teams to flexibly add tools to the
system and adapt it to their own collaborative work.

What happens when there’s a query? At the
beginning of a CorpusLens session, a pre-defined
introductory prompt is shown to the researcher.
Specifically, the interface asks broad, optional ques-
tions about the researchers’ intent (e.g., learn about
data analysis, explore a dataset), the kinds of ques-
tions they are interested in, and preferences on
explanations. If responses are provided, they are
passed to COMPASS to personalize the session. The
session is then user-driven primarily through natu-
ral language analysis and visualization queries (e.g.,
first user message in Figure 4) or other interactions
with the interface (e.g., selecting a plot region).
Correspondingly, COMPASS can respond to user
queries or actions with analysis tool calls, visual-
ization tool calls, or similar interface interactions
(e.g., collapsing prior result displays). Additional
architectural details are discussed in Appendix B.

4 Domain Expert Evaluation

To evaluate the effectiveness of LLMs as data anal-
ysis facilitators in CorpusLens, we conduct a user
study with domain experts—social work researchers,
communication scholars, and sociolinguists.

4.1 Methods

Implementation Details. In the domain expert
evaluation, the COMPASS agent is built on GPT-5.1
Codex * over the OpenAl API. For the purposes
of the evaluation, the results of analysis tools are
precomputed because our focus is on the evaluation
of an LLM as an interface.

Domain Experts. To evaluate the system, we
work with two research labs that are representative
of the intended audience of CorpusLens. First, we
work with social work and communication schol-
ars at the University of Pennsylvania; the groups’
work broadly centers on computational and social
work approaches to understanding violence, joy,
and grief. We additionally work with sociolinguists
at the University of Michigan focusing on AAL, on-
line language, and other intersections of language
and identity. For the study, ten researchers use the
system to analyze data and complete an evaluation
survey.

3https ://chatgpt.com/codex/
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Figure 4: An example multi-turn interaction between a user and CorpusLens analyzing the RTGender dataset (Voigt
et al., 2018). Actions performed on or by the system during the session are listed in order. As a researcher sends
messages to the system, COMPASS uses tools to conduct analyses on or display visualizations of the database. Both

the researcher and COMPASS have a shared ability to

Procedure. Participants are provided access to
the CorpusLens tool, a guide on how to use the tool,
and three possible datasets from prior work for po-
tential analyses: RTGender (Voigt et al., 2018), the
ChangeMy View corpus (Tan et al., 2016), and the
Corpus of Regional African American Language
(CORAAL; Farrington and Kendall 2021). These
were selected to represent socially and linguisti-
cally relevant textual datasets drawn from social
media (RTGender and ChangeMyView) and spo-
ken (CORAAL) sources. Each participant is asked
to use CorpusLens to freely choose one of these
datasets and analyze it for at least 20 minutes
over the course of two weeks. Importantly, while
this initial evaluation is conducted in a controlled
setting, we do not guide participants on what anal-
yses to conduct to better reflect realistic uses of
CorpusLens. At the conclusion of the period, par-
ticipants are asked to complete a survey reflecting
on their experience with the tool.

System Evaluation. In the evaluation survey,
we include questions focused on our originally
stated values. Participants are first asked about
their overall experience with the tool as a sum-
mary measure. We then specifically ask about the
helpfulness of the tool with respect to common
data analysis tools specific to relevant disciplines

the interface in addition to sending messages.

(e.g., AntConc 4 NVivo > ). Finally, we ask four
questions about the extent to which the tool was in-
tuitive, easy-to-use, transparent, and enabling of
novel analyses. All responses are on 5-point Likert
scales (0-4, inclusive), with higher scores represent-
ing better evaluation of the system. We additionally
ask optional open-ended questions concerning any
insights gained from using the tool and comments
about the tool and its features. Full study details
are included in Appendix D.

4.2 Results

Dimension Mean Rating
Overall 3.0 +041
Helpful 29 +0.54
Intuitive 2.7 +0.59

Easy 2.7  +0.72
Explain 2.7 051
Novelty 2.9 +0.35

Table 1: Average scores (0 to 4; scores > 2 are positive
ratings) and 95% confidence intervals of the domain
expert evaluation.

The results of the domain expert evaluation are
4https://www. laurenceanthony.net/software/ant

conc/
https://lumivero.com/products/nvivo/
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shown in Table 1. Notably, all scores evaluating the
system are positive (i.e., > 2), including the overall
evaluation of system (~ 3 on average). Most users
indicate that CorpusLens is more helpful for the
kinds of analysis they conducted than the alterna-
tive they use most (e.g., annotation and analysis
software like Dedoose). Among the other evalua-
tion dimensions, the intuitiveness and ease of the
system are scored lowest, indicating that a natural
language interface alone may not fully alleviate
barriers to using available tools.

5 Discussion

From participants’ open-ended survey responses,
we additionally identify opportunities and chal-
lenges of LLMs in this domain.

Opportunity: Methodology Provenance and
Transparency One of the most salient observa-
tions is that methods require comprehensive docu-
mentation. When any feature extraction is applied,
the method used needs to be visible. Participants
wanted to be able to interrogate findings to un-
derstand the validity of the inferences, and infor-
mation about how numerical figures are derived,
including source texts. Domain experts appreciated
"the transparency the tool provides users with the
plan" exposed while analyses are calculated. Ad-
ditional approaches in recent work on provenance
such as tracing model outputs to training data (Liu
et al., 2025b) or work on science communication
(e.g., (Alshomary et al., 2026)) and literature search
are promising directions to further provide trans-
parency and clarity on underlying methods.

Challenge: Communicating Capabilities.
LLMs and chat-based interfaces are open-ended,
enabling a wide array of possible interactions and
analyses. Nonetheless, there are practical limits
to what users should expect the tool to be able to
accomplish within a particular domain. We miti-
gate this by giving COMPASS access to tools that
can demonstrate its capabilities (see Appendix C).
Indeed, one participant found that "the tool was,
when prompted, very clear in saying what it can
and can’t do" which enabled them to "pivot [their]
queries better." They also, however, still reported
needing "several attempts to fully understand the
tools’ purpose and capabilities" or additional exam-
ples "searches/examples of prompts" to calibrate ex-
pectations. Broadly, effectively communicating ca-
pabilities and limitations as well as aligning users’
expectations of LLM-based tools with those of the

developers remain important challenges to address.
Opportunity: Incorporating & Adapting to
User Feedback. Throughout development and
in comments on the final system, domain experts
reported a need for the tool to better adapt to their
feedback. In one sense, users wanted the ability
to correct outputs of the tool and COMPASS agent
which would impact future behavior. This capa-
bility was incorporated by allowing feedback to be
given through interaction with figures. This gap
in personalization, however, is also clearly seen
in differing responses from domain experts: while
one user found that "the tool often started with very
technical explanations that included a lot of statis-
tics and specialized jargon", another user "like[d]
that the LLM [could] explain things in laymans
terms." Although COMPASS did not fully adapt to
each user, this gap presents an opportunity for re-
cent work on inferring user preferences and person-
alizing responses in naturalistic styles and settings
(e.g., Ashok Kumar et al. 2025; Gao et al. 2024).
Challenge: Data Ethics and Transparency.
During the development process, at multiple points
in time, concerns were raised about the handling of
data. Outside of the controlled setting, researchers
would upload their own data to a tool like Cor-
pusLens, which may include sensitive, personal, or
otherwise confidential information. Similarly, our
collaborators and domain experts involved in the
user study expressed concerns about where data
and prompts may be sent or stored. In the domain
expert evaluation, users also expressed interest in
further metadata and documentation of the under-
lying data sources: "it would be helpful...to have
more information...describing the data and vari-
ables..." These data-centric concerns signal a need
for further development of open-source models that
can be self-hosted ° (e.g., Groeneveld et al. 2024)
as well as data documentation practices (Bender
and Friedman, 2018; Gebru et al., 2021). To this
end, we provide a version of CorpusLens running
entirely within the browser itself, which can be
configured to use any Anthropic, OpenRouter, or
OpenAl-compatable endpoint, making it usable
with local open models, entirely privately.
Opportunity: Enabling Novel Analyses.
While the study with domain experts is relatively
brief, participants noted novel patterns they were
able to find in the provided data using CorpusLens.

6 . .
That is, run on the researcher’s own computer instead of
a cloud service
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In analyzing CORAAL, one participant noted that
they were able to "[learn] about the different re-
gional patterns that emerged from the dataset"
through the available tools. Another participant
that described their investigation in depth discussed
being able to find relationships between emotion,
gender, and mentions of sex work in the RTGen-
der corpus (e.g., finding that mentions of sex work
are slightly more common in replies addressed to
women). They note, however, that the tool sur-
faced "many posts on sex, but not necessarily on
sex work" so the researcher still needs to scrutinize
discovered patterns and resulting claims, and sug-
gest that the tool is helpful for "getting an idea of
a research question," with more specific use-cases
needing additional tuning of the underlying model.
Opportunity and Challenge: Domain Exper-
tise. A common thread through versions of ap-
plications is that models can often lack particular
domain knowledge necessary for routine analytical
tasks, and need additional intervention or specifi-
cation to perform well. For example, while the
model underlying COMPASS appeared to have a
general understanding of the use of existential it
(e.g., it is raining), COMPASS did not fully under-
stand its more specific use in the context of AAL,
which would require additional explanation and
correction by the user. Overall, while a general pur-
pose language model may provide an easier inter-
face to tools and data, domain-specific models may
still be required for more in-depth analyses. This
challenge, however, also highlights the opportunity
for interdisciplinary work bridging both domain
expertise and technical knowledge to pursue new
questions aided by computational linguistics tools.

6 Conclusion

This work is a result of a long-standing collabora-
tion among computational linguists, social work
researchers, and sociolinguists, intending to ad-
dress the challenges of bridging disciplines in in-
terdisciplinary work. We introduce CorpusLens,
an LLM-as-an-interface tool intended to enable hu-
manistic and social science researchers to leverage
NLP tools for exploratory data analysis. Through
repeated feedback, we iterated on the tool moving
from an originally unintuitive, structured interface
to the LLM-based interface discussed in this work.
Domain experts positively evaluate CorpusLens, on
average reporting it is more helpful than alternative
software. Based on the development process and

domain experts’ feedback, we additionally discuss
opportunities and challenges in LLM-based inter-
faces for humanistic and social science researchers.

Limitations

We note a few limitations accompanying this work.
First, our domain expert evaluation include a fixed
set of tools, limiting potential analyses. The tools,
however, were selected based on discussions with
domain experts and we note that CorpusLens is
intended to be easily extensible. Additionally, the
domain expert evaluation is limited to datasets rele-
vant to—but not grounded in—users’ actual research.
To encourage ecological validity, we allow each
participant to explore the data however they like
and we similarly select datasets through discussion
with our collaborators to ensure relevance. Study-
ing tools like CorpusLens in longer term, realistic
research settings would be valuable for future work.

Furthermore, we focus on the usability and util-
ity of CorpusLens in this work, but we do not ex-
plicitly assess the accuracy of the systems queries
and outputs. We rely on a frontier model to avoid
significant response quality concerns, but the model
may still make errors in matching user intent, cor-
rectly accessing the data, and correctly visualizing
results. While there are no clear errors or trends
from qualitative examination, there are cases of
COMPASS producing errored queries due to being
asked for charts outside of its capabilities (e.g.,
producing a geographic map).
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A Original Interface Details

The original structured interface design is shown
in Figure 5. Users were provided with three stages
to guide their data analyses: 1) preparing a dataset,
2) applying labels and filtering, and 3) generating
plots or statistical results.

Stage 1: Data Preparation Results

 t-SNE Visualization

Select Corpus

/ Character Histogram

Stage 1 Status # Sentiment Histogram

Stage 2: Analysis Operations

Figure 5: Screenshot of initial version of CorpusLens.

B High-Level Architectural Details

The essential constraints of the system are as fol-
lows: ’

1. Users and LLM-based agents should have
equal ability to take actions in the system, in-
cluding user interface actions and database
actions

2. The entire state of the system should be
equally visible to all actors, including client
side actions taken by the user

3. Models and Users differ in their preferred
modalities: it might be best to show visual

" A detailed discussion of these and similar constraints can
be seen in Czaplicki and Chong

plots to users and best to show data tables to
models

As such, the system’s architecture is inspired
by The Elm Architecture (Model-View-Update, as
in Fowler). All inputs to the system: User Mes-
sages, Model messages, Model Context Protocol
Tool calls, Database Query output are unified in a
single event log that mediates the information avail-
able to the user and the model. This is what allows
the model to collapse produce and interact with
UI components, and what allows the user’s history
of selections to be visible to the model. The net
effect is that the system can create names groups
of records and add to this virtual set interactively
across many different turns.

CorpusLens is model-agnostic, owing to its use
of the conventionally used LiteLL.M library. Cor-
pusLens also uses the official libraries for the
Model Context Protocol, to provide COMPASS all
of the tools it uses to interact with the system.

C Tool Details

A variety of tools are available to COMPASS in
order to interpret, process, and respond to user
queries. Namely, COMPASS is provided tools for
interacting with the interface, documentation of
methodologies, and the database, which are listed
in Table 2. While CorpusLens is extensible and al-
lows additional analysis tools, we include an initial
set of analysis tools including emotion/sentiment
classifiers (Demszky et al., 2020; Saravia et al.,
2018; Barbieri et al., 2020; Loureiro et al., 2022),
semantics and style features (Zampieri et al., 2019;
Basile et al., 2019; Vidgen et al., 2021; Van Hee
et al., 2018; Borkan et al., 2019; Mohammad et al.,
2016; Antypas et al., 2022; Williams et al., 2018;
Pavlick and Tetreault, 2016), dialect classifiers
(Blodgett et al., 2016), and embedding reduction
techniques (van der Maaten, 2014; Campello et al.,
2013) using a variety of pretrained models (Liu
et al., 2019; Warner et al., 2025; Sanh et al., 2019;
Lewis et al., 2020).

D Human Evaluation Survey

All questions asked of domain experts after us-
ing CorpusLens are listed below. The survey in-
cludes six Likert-scale questions as well as two
open-ended questions for additional comments and
feedback.
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Category Technical Reference Title Description
UI Operations collapse_result Tidying Up Folds a superseded call into a one-liner.
Corpus corpus_stats Counting the Corpus Row count and classifier-column count.
Documentation get_schema Checking the Catalog Inspects the corpus tables and columns.
show_work Showing the Work Recalls a past tool call as a labeled card.
Transparency . .
plan Making a Plan Records a one-paragraph plan for this turn.
get_provenance Tracing Provenance Maps classifier columns to source papers.
Provenance/ get_recipes Listing Chart Recipes Lists ready-to-render chart recipes.
Capabilities show_methods Showing Methods Charts the research papers behind the corpus.

User Selections

explore_embeddings
get_selection
record_brush_selection
list_selections

Mapping the Embedding Space
Recalling a Selection
Recording a Selection

Listing Selections

Brushable scatter map of the corpus.
Recalls a stored selection by id.
Saves a brush region as a named selection.
Lists stored selections in this session.

Charts &
Data Viewing

render_chart
show_chart
show_parallel_coords
explore_scores_static
inspect

Show Chart
Showing Saved Chart
Comparing Across Axes
Showing Score Panels
Inspect

Runs a SQL query and shows the rows as a chart.
Loads a pre-baked chart by name.
Compares classifier scores side by side.
Panel of classifier-score charts.

Show a record in detail

Database Queries/
Operations

corpus_sample
search
more_like_this
query_scores
run_sql

Sampling the Corpus
Searching the Text
Finding Similar Items
Checking the database
Checking the database

Random sample of rows + flagship scores.
Full-text search across the corpus.
Hybrid k-nearest by text + embedding.
Asking the corpus a question about existing scores.
Asking the corpus a question.

. How would you rate your overall experi-
ence using the tool? o Very poor o Poor
o Fair o Good o Very good

. Considering a potential alternative tool
that you use most often from the above
question, how helpful did you find this tool?
o Much less helpful o Slightly less helpful
o About the same o Slightly more helpful
o Much more helpful

. Thinking about what you originally set out
to do, how intuitive did you find using the
tool? o Very unintuitive o Somewhat un-
intuitive o Neither unintuitive nor intuitive
o Somewhat intuitive o Very intuitive

. How easy did you find it to complete your
intended task with the tool? o Very diffi-
cult o Somewhat difficult o Neither easy nor
difficult o Somewhat easy o Very easy

. How sufficiently do you feel the interface/-
model explained what methods were being
used for each analysis? o Methods were
rarely explained o Methods were mostly left
unexplained o Some methods were explained,
some unexplained o Methods were mostly ex-
plained o Methods were thoroughly explained
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Table 2: Details of select agent tools available to COMPASS in CorpusLens. These include tools for retrieving and
presenting methodology details, processing user selections in visualizations, and displaying charts among others.

6. How helpful was the tool in allowing you

to discover new themes, features, or pat-
terns in the analyzed data? o Very unhelpful
o Unhelpful o Neither helpful nor unhelpful
o Helpful o Very helpful

7. What insights (themes, patterns, etc.), if

any, did you gain from using this tool?

. (Optional) Do you have any other com-

ments or feedback about your experience
with the tool?



