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Abstract

Deceptive reviews mislead consumers, harm
businesses, and undermine trust in online mar-
ketplaces. Machine learning classifiers can
learn from large amounts of data to distinguish
deceptive reviews from genuine ones. However,
the distinguishing features learned by these
classifiers are often subtle, fragmented, and
difficult for humans to interpret, which can
hinder user understanding and trust. In this
work, we study whether large language mod-
els (LLMs) can translate such unintuitive lexi-
cal cues into human-understandable language
phenomena. We propose a conjecture-then-
validate framework, and show that language
phenomena obtained in this manner are empir-
ically grounded in data, generalizable across
similar domains, and more predictive than phe-
nomena derived from LLMSs’ prior knowledge
or in-context learning. Such phenomena can
aid people in critically assessing the credibil-
ity of online reviews in environments where
deception detection classifiers are unavailable.

1 Introduction

Online reviews are an essential source of infor-
mation for consumers to make purchasing deci-
sions and for businesses to understand their cus-
tomers. Although many platforms have imple-
mented machine learning techniques to detect and
block deceptive reviews (About Amazon Team,
2023), these systems are not universally available.
Users may still face deceptive content without al-
gorithmic assistance. Unlike platforms that can
leverage metadata or behavioral signals to iden-
tify deception (Paul and Nikolaev, 2021), users
rely almost exclusively on review text. Prior work
shows that untrained people perform poorly at this
task (Bond Jr and DePaulo, 2006).

Therefore, it is important to help users develop
the ability to spot potentially deceptive reviews

“This work was done at UNC Chapel Hill and does not
reflect the author’s position at Amazon.

when algorithmic interventions are absent. One
possible approach is to expose users to the most
salient signals identified by machine learning classi-
fiers (Ribeiro et al., 2016; Lundberg and Lee, 2017;
Sundararajan et al., 2017). However, while clas-
sifiers can learn predictive lexical cues from large
amounts of data, these cues are often subtle and
fragmented. For example, prior work found that
the word “Chicago” is predictive of deceptive hotel
reviews (Lai et al., 2020). Such signals can appear
unintuitive and may even reduce users’ trust in the
machine learning system.

These unintuitive yet predictive words are often
not random artifacts. Instead, they reflect under-
lying language patterns that are not directly ob-
servable at the word level. For example, the word
“Chicago” may reflect a broader pattern where de-
ceptive reviews tend to emphasize brand names or
locations. In this work, we view such predictive
yet unintuitive lexical cues as surface manifesta-
tions of underlying language phenomena. We in-
vestigate a key question: can we translate such
lexical cues into explanations that are both human-
understandable and grounded in data? To this
end, we develop an LLM-based approach under a
conjecture-then-validate framework.

We first prompt LLMs to answer questions in
the spirit of “why is lexical feature X predictive of
deceptive or genuine reviews?” LLMs can gener-
ate fluent but potentially unverified explanations,
which we refer to as conjectures. These expla-
nations are expressed in natural language and are
easy for humans to read. Since plausibility does not
guarantee correctness, we then evaluate whether
these conjectured phenomena are predictive and
generalizable. This evaluation provides evidence
that the explanations correspond to real patterns in
the data rather than hallucinations.

Our goal is not to build a stronger deception de-
tector, but to evaluate whether LLMs can reliably
translate machine-learned lexical cues into human-
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interpretable phenomena. Using deception detec-
tion in hotel reviews as a case study, we investigate
three research questions (RQs):

* RQ1 (Predictiveness): Can these phenom-
ena distinguish deceptive reviews from genuine
ones?

* RQ2 (Generalization): Are these phenomena
generalizable to new data in similar domains (i.e.,
similar products or services)?

* RQ3 (Alternatives): Instead of explaining pre-
dictive words, can these phenomena be obtained
by prompting LLMs to conjecture based on their
prior knowledge or labeled examples?

Our results show that LLM-conjectured lan-
guage phenomena have predictive power, gener-
alize to similar-domain data, and outperform phe-
nomena obtained from LLMs’ prior knowledge or
in-context learning alone. Our human evaluation
further shows that these phenomena improve peo-
ple’s understanding of cues in deceptive reviews.
Together, these findings suggest that LLMs can
translate model-identified lexical cues into expla-
nations that are both interpretable and empirically
supported. These explanations can help users bet-
ter assess the credibility of online reviews when
algorithmic systems are unavailable.

Our paper makes the following contributions.
First, we propose a conjecture-then-validate frame-
work for translating predictive features into human-
interpretable language phenomena, and show that
these phenomena are empirically grounded and
generalizable. Second, we demonstrate through
human evaluation that feature importance explana-
tions can identify predictive signals, but they do
not explain why these signals are predictive. Our
approach takes a step toward bridging this gap by
generating explanations that can improve user un-
derstanding and calibrated trust in NLP systems.

2 Related Work

Feature importance explanations, which highlight
input features that are most influential to the model
prediction, are a popular approach to explaining
machine learning model predictions (Ribeiro et al.,
2016; Lundberg and Lee, 2017; Sundararajan et al.,
2017). While empirical studies have shown such ex-
planations can improve end-users’ decision-making
and understanding of Al systems (Lai and Tan,
2019; Qu et al., 2021), predictive features are not

always self-explanatory. For example, studies that
apply such explanations to text data have found that
the word “problems” is predictive of positive senti-
ment (Qu et al., 2024), and that the word “Chicago”
is predictive of deceptive reviews (Lai et al., 2020).
Given large and representative data, such words are
often not the result of overfitting but reflect under-
lying language phenomena that give rise to these
word-label relations. If left unexplained, users may
hypothesize wrong reasons for why an unintuitive
feature is predictive (Schuff et al., 2022) and even
lose trust in a machine learning model (Qu et al.,
2023; Chen et al., 2023). This motivated the need
for more interpretable explanations beyond merely
showing predictive words.

Prior studies have explored different approaches
for making such phenomena more explicit, such
as showing nearby words of the predictive
word (Ribeiro et al., 2018; Jacovi et al., 2023; Qu
et al., 2024) or considering interactions with other
words in the input (Tsang et al., 2020; Janizek et al.,
2021; Borisov and Kasneci, 2022). While these al-
gorithms are effective at revealing context-related
phenomena (e.g., negations and colloquial expres-
sions like “no problems”), they may fail to capture
complex phenomena that go beyond local contexts.
For instance, the word “Chicago” is associated with
deceptive hotel reviews because fake reviews of-
ten reinforce branding by emphasizing a hotel’s
full name, including the city name. In this paper,
we use deception detection as a case study and
leverage LLMs to explain the language phenomena
behind deception cues. Our approach was inspired
by recent research that prompted LLMs to verbal-
ize predictive features into natural language narra-
tives (Pan et al., 2024; Zytek et al., 2024; Martens
et al., 2023). However, these approaches mainly
paraphrase predictive words for better readability.
Our approach is fundamentally different in that it
goes beyond observed lexical cues to unobserved
phenomena-based explanations.

3 Methodology

3.1 Problem Formulation

Consider a labeled text dataset {(x,y)}, where x
represents a piece of text and y represents a la-
bel (e.g., genuine or deceptive review). Feature
importance explanations identify words {w € x}
that are predictive of a label y. In this work, we
focus on a subset {w’ € z} C {w € z}: words
that are the most salient signals for the classifier
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but appear unintuitive to humans. Our goal is to
leverage LLMs to translate these salient lexical
cues into more human-interpretable language phe-
nomena that plausibly give rise to the cues. For-
mally, we prompt an LLM to conjecture a candidate
phenomenon associated with the cue. The LLM-
conjectured phenomena may or may not reflect
actual patterns in the underlying data. We treat
LLM-generated explanations as hypotheses rather
than as faithful explanations of model behavior.
Thus, we validate whether the LLM-conjectured
phenomena are predictive of genuine or deceptive
reviews (RQ1), generalizable beyond the original
data (RQ2), and dependent on classifier-learned
predictive words (RQ3). We complement these
algorithmic evaluations with human evaluation.

3.2 Data Preparation

Dataset: We used two datasets in our study: a
dataset of 800 genuine and 800 deceptive reviews
for Chicago hotels (Ott et al., 2011, 2013) (denoted
as Dcpicago) and another dataset of 240 genuine
and 240 deceptive reviews for Houston, New York,
and Los Angeles hotels (Li et al., 2013) (denoted
as Dypree—cities). Genuine hotel reviews were col-
lected from verified travelers while deceptive re-
views were written by crowd-sourced workers.

Identifying Predictive Words: To investigate
whether LLMs can translate predictive lexical cues
into meaningful language phenomena, we first
trained logistic regression classifiers on Dopicago
and identified predictive words. It is important to
note that we do not treat classification performance
as the objective of optimization. We deliberately
used a simple model (logistic regression) solely
as a feature-discovery tool, and predictive words
can also be extracted using other sophisticated ap-
proaches (Ribeiro et al., 2016; Sundararajan et al.,
2017; Lundberg and Lee, 2017).

Given the limited size of the dataset, we per-
formed 10-fold cross validation with balanced train-
ing and testing folds. Each time, we trained a clas-
sifier with unigram TF-IDF features, including low-
ercasing and stop word removal. The classifiers
achieved an average F1-score of 0.88. For each
classifier, we identified 25 words that were the most
predictive of genuine or deceptive reviews through
regression coefficients (50 predictive words in to-
tal). All selected words passed a Wald test for the
significance of predictiveness. To obtain particu-
larly stable lexical cues, we selected only words
that were predictive across all 10 folds, yielding

16 words for genuine reviews and 14 for deceptive
reviews. As shown in Table 1, we expect that most
laypeople without expertise in deception detection
would naturally wonder about the underlying lan-
guage phenomena.

3.3 Experimental Design

RQ1 Experiment: RQI1 investigates whether
LLMs provide a reliable approach for discovering
language phenomena from lexical cues in decep-
tion detection. To this end, we used a conjecture-
then-validate pipeline with two separate steps.

First, we prompted the LLM to conjecture the
underlying phenomena for words predictive of ho-
tel reviews being genuine or deceptive using the
prompt below. We provided all 30 predictive words
in the prompt and did not restrict the number of
phenomena to be conjectured. All predictive words
and their associated phenomena (conjectured by
LLMSs) are shown in Table 1.

You are an expert in deception detection. You will be
provided a list of words that are most predictive of gen-
uine or deceptive Chicago hotel reviews. Your task is
to identify language phenomena or psycholinguistic pat-
terns that appear in genuine and deceptive hotel reviews
and are related to these words.

While the conjectured phenomena are plausible,
all LLMs are prone to hallucinations. Prior studies
have mainly used benchmark datasets (Hendrycks
et al., 2021; Talmor et al., 2019) or recruited hu-
man evaluators (Ziems et al., 2024; Goyal et al.,
2022) to evaluate LLLM-generated contents. How-
ever, there is no ground truth for these language
phenomena in this task. Therefore, we took an al-
gorithmic evaluation approach: we prompted the
same LLM to classify reviews as genuine or de-
ceptive with the conjectured phenomena. The ra-
tionale is that if these phenomena reflect actual
patterns in the data (i.e., non-hallucinated), they
should improve the LLM’s predictive performance.
Otherwise, fabricated phenomena could mislead
the LLM’s reasoning.

Hence, we tested two prompt conditions. First,
we use the phenomena-in-the-prompt condition,
where we provided all the conjectured phenomena
associated with both genuine and deceptive reviews
in the prompt. Only phenomena but not predictive
words were provided. Here, our main objective was
to investigate whether LLMs can reliably discover
language phenomena at all. Therefore, we priori-
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Table 1: LLM-conjectured phenomena (aggregated over four LLMs) from predictive words.

Predictive Words

LLM-conjectured Phenomena

location, street, river, Michigan

Genuine reviews often provide concrete geographic

references and local landmarks.

rate, priceline

Genuine reviews frequently mention pricing, booking

platforms, or value for money.

reviews, helpful, us

Genuine reviews refer to other reviews or their desire to

contribute useful information.

small, large, quiet, bathroom, floor,
breakfast

Genuine reviews use measurable, verifiable adjectives
and specific room features.

luxury, luxurious

Deceptive reviews often overemphasize luxurious aspects

and high-end services.

hotel, Chicago, millennium

Deceptive reviews often use generic category terms and

prominent place or brand names.

seemed, recently, definitely

Deceptive reviews tend to use words expressing certainty

or vague temporal framing.

food, towels

Deceptive reviews list desirable amenities or sensory cues

without specific details.

husband, vacation, staying, experience

Deceptive reviews use family roles or staged narratives to

fabricate a plausible story.

tized an aggregated evaluation and leveraged the
full set of phenomena to test their collective utility.
Second, we tested a zero-shot prompt, where no
auxiliary information was provided.

We tested the pipeline with four LLMs:
GPT-5-mini from OpenAl (OpenAl, 2025), Haiku
4.5 from Anthropic (PBC, 2025), Nova Pro
from Amazon (Amazon Web Services, 2025),
and Gemini-2.5-flash from Google (DeepMind,
2025). For all LLM calls, we used the correspond-
ing APIs with default settings. Two authors inde-
pendently designed initial prompts and collabora-
tively revised the final versions for each prompt-
ing scenario. We interacted with LLMs through
DSPy (Khattab et al., 2023), a framework for mod-
ular construction of LLM applications by explicitly
defining prompt components. This design improves
the reproducibility of our experiments. Our code-
base is available here.

RQ2 Experiment: In addition to validating
whether the LLM-conjectured phenomena are non-
hallucinated, we investigated the generalizability
of these phenomena. To this end, we trained lo-
gistic regression classifiers on Dopicago and tested
on Dypree—cities Using three feature sets: (1) uni-
gram TF-IDF features only, (2) phenomena-based
features only, and (3) both features. This setup sim-
ulated a scenario where machine learning models

are applied to out-of-distribution data: the model
learns to differentiate between genuine and decep-
tive reviews for Chicago hotels and then applies
this knowledge to classify hotel reviews from other
cities. The rationale is that if these phenomena
are generalizable across hotel reviews in different
cities, the classifier using phenomena-based fea-
tures should have better performance than the one
using unigram TF-IDF features.

To generate phenomena-based feature values for
both training and testing sets, we need to obtain
a score f(r,p) for each review r and each phe-
nomenon p. Here, f(r, p) measures the extent to
which a review r reflects a phenomenon p. We
approach this problem by computing P(r|p), i.e.,
the probability that a review r is generated given
phenomenon p as the prompt. This can be a proxy
for phenomena-based feature values.

We followed a generative
proach using next-token probabilities:
P(rlp) = T, P(wilp,w1,--- ,w;—1), where
p is a phenomenon,! and r is a sequence of
words [wi,- -+ ,wy,]. Each next-word proba-
bility P(w;|p, w1, ,w;—1) was obtained by
prompting the LLM with the word sequence

scoring  ap-

'We used the following prompt: “Write a hotel review
that {phenomenon}:”, where {phenomenon} represents one
of the nine conjectured phenomena in Table 1.
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[p, w1, -+ ,w;—1] and reading out the probability
of w; as predicted by the LLM. An open-source
LLM that provides a complete probability dis-
tribution over all possible next words is needed,
as w; might rank at a very low position. We
used Gemma-7b (Team et al., 2024) for this
experiment. We used this approach to generate all
nine phenomena-based feature values for reviews
in Dcpicago and Dipree—cities- It is notable that
this approach is one possible approach (and not
the only one) to generate such phenomena-based
feature values. Even if these approximated feature
values are not perfectly accurate, as long as
they can improve a deception detection model’s
performance, it already serves our goal: to show
that the phenomena-based features can improve a
subsequent deception detector’s out-of-distribution
performance. The results in Table 3 confirm that
this is indeed the case.

RQ3 Experiment: We investigated whether
LLMs can effectively discover language phenom-
ena from predictive lexical cues in RQ1. A natural
follow-up question is whether these phenomena
could also be obtained by prompting LLMs in other
ways. Therefore, RQ3 examined whether LLMs
can conjecture meaningful phenomena from their
prior knowledge or in-context learning. We used
Haiku 4.5 given its strong performance on de-
ception detection (Table 2) and tested two prompt
conditions to conjecture phenomena. In the first
condition, we prompted it to conjecture phenom-
ena solely based on its prior knowledge. In the
second condition, we randomly sampled 30 gen-
uine and 30 deceptive reviews from Dcpjcago, and
prompted it to conjecture phenomena from sampled
reviews. We used the same system prompt structure
and only changed the input from predictive words
to sampled reviews or to nothing. To compare
the quality of the phenomena conjectured under
each prompt condition (i.e., predictive words, sam-
pled examples, and prior knowledge), we used the
same experimental design as in RQ1: we measured
Haiku 4.5’s deception detection performance on
D¢ hicago With the conjectured phenomena inserted
into the phenomena-in-the-prompt condition.

4 Results

4.1 RQ1 Results

Table 2 shows evaluation results of the four LLMs’
predictive performance under different prompt con-
ditions on D¢pjcago- The evaluation results are

with respect to the “deceptive” label. Across all
four LLMs, the phenomena-in-the-prompt condi-
tion consistently outperformed the zero-shot condi-
tion. These improvements indicate that the conjec-
tured phenomena capture real patterns in the
data rather than being entirely hallucinated.

It is notable that unlike other tasks (e.g., fact-
checking and question answering) where ground
truth facts exist, there are no definitive answers for
the conjectured phenomena in this task. Therefore,
we define “hallucinations” as cases in which LLMs
come up with phenomena that are entirely fabri-
cated and not related to any detectable patterns in
the data. For instance, a fabricated phenomenon
might be “Deceptive reviews always indicate posi-
tive sentiment to promote business”—this is con-
tradicted by the Dcpicago COrpus where deceptive
reviews can still convey negative sentiment. Un-
der this definition, the goal of RQ1 was not to
assess whether the LLM-conjectured phenomena
represent the exhaustive set of language patterns.
Rather, this validity check was to assess whether
the LLM-conjectured phenomena are meaningfully
associated with real-world examples of genuine or
deceptive reviews that any user might see on social
platforms. The performance gains LLMs achieved
with phenomena in the prompt over the zero-shot
prompt indicate that these conjectured phenomena
are relevant to the deception detection task.

While our goal was not to benchmark differ-
ent LLMs’ performance in deception detection or
engineer the most effective prompt, these results
did reveal two important trends. First, deception
detection remained a challenging task for LLMs.
Under the zero-shot prompt condition, the four
LLMs achieved an average F1-score of 0.4762
(min = 0.3016, max = 0.5936). Since the dataset
is balanced, their performance was no better than
random guessing. Second, although all LLMs
achieved reasonable performance gains with phe-
nomena provided in the prompt, their performance
was still worse than that of a logistic regression
classifier using unigram TF-IDF features. This tra-
ditional model performed surprisingly well on the
deception detection task with an F1-score of 0.88.

4.2 RQ2 Results

Table 3 shows evaluation results of the three logis-
tic regression classifiers’ predictive performance.
The classifiers used different feature sets and were
trained on Dcpicago and tested on Dipree—cities-
Compared to the classifier using unigram TF-IDF
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Table 2: RQI Results. We evaluated four LLMs’ predictive performance on Dcgpicago under different prompt

conditions.

Model Prompt Accuracy Precision Recall F1

GPT-5 mini zero-shot 0.6512 0.8601 0.3612  0.5088
with phenomena 0.6775 0.8272 0.4488 0.5818

Haiku 4.5 zero-shot 0.6688 0.7679 0.4838 0.5936
with phenomena 0.6962 0.7532 0.5838 0.6577

Nova Pro zero-shot 0.5512 0.6798 0.1938 0.3016
with phenomena 0.5962 0.7601 0.2812 0.4106

Gemini-2.5 Flash  zero-shot 0.6388 0.8101 0.3625 0.5009
with phenomena 0.6600 0.8033 0.4238 0.5548

features only, both classifiers using phenomena-
based features and combined features achieved bet-
ter predictive performance on hotel reviews from
other cities. These results suggest that the LLM-
conjectured phenomena captured patterns that
are more transferable than unigram lexical cues.

i

This result is expected: while the word “Chicago’
is the most salient cue of deception in reviews of
Chicago hotels, it does not necessarily hold true
in hotel reviews from other cities—fabricated re-
view writers might mention hotel names with “New
York™, “Houston”, and “Los Angeles” instead. In
fact, regression coefficients of a logistic regres-
sion classifier trained on Dyj;ce—cities COrroborated
that city names are among the strongest predictors
of deceptive hotel reviews within those locales as
well. Hence, compared to the unigram text feature
“Chicago”, the corresponding phenomena-based
feature—deceptive reviews tend to name-drop ho-
tel and city names—offers a more generalizable
insight into deceptive hotel reviews across cities.
Compared to lexical features, these language phe-
nomena enable the classifier to learn transferable
insights and achieve better predictive performance
on out-of-distribution data. Future work could sim-
ilarly examine whether hotel brand names are a
strong signal of deception in other corpora.

4.3 RQ3 Results

Table 4 shows the predictive performance of Haiku
4.5 when predicting with phenomena conjectured
from three different sources: predictive words, sam-
pled reviews, and prior knowledge. Its perfor-
mance was highest when phenomena were derived
from predictive words, and was noticeably lower
when derived from either sampled reviews or prior
knowledge alone. These results indicate that Haiku
4.5 discovered accurate phenomena more effec-

tively when guided by predictive lexical cues
than when relying on examples or prior knowl-
edge. One possible explanation is that predictive
words identified by the logistic regression classifier
serve as discriminative signals distilled from large
amounts of training data. Although these words
may appear unintuitive to humans, they anchor the
LLM’s reasoning toward subtle psycholinguistic
patterns that are difficult to infer from a small sam-
ple of reviews or from its prior knowledge alone.

5 Human Evaluation

5.1 Study Overview

A core challenge in evaluating LLM-generated
explanations is that there is no ground truth for
why a word is predictive of deception or genuine-
ness. While our algorithmic evaluations show
that the conjectured phenomena are empirically
grounded and generalizable, they do not guarantee
that these explanations are meaningful or useful to
humans. In particular, explanations may be mis-
leading, under-specified, or difficult to interpret.
Moreover, LLM-generated explanations may ap-
pear plausible without being faithful to the under-
lying data. To address these limitations, we com-
plement our algorithmic evaluation with a human-
centered evaluation.

We first conducted a large-scale crowdsourced
study (N = 220) where participants performed
a deception detection task (Qu et al., 2025). We
found that participants who were provided with
conjectured phenomena performed significantly
better at detecting deception without algorithmic
assistance than those who saw predictive words
only. To further understand how people interpret
predictive lexical cues and the associated language
phenomena, we conducted an in-person lab study
with a focus on qualitative analysis. The lab study
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Table 3: RQ2 Results. We trained logistic regression classifiers on D¢y icago and tested on Dyjypee—cities Using three
different feature sets: unigram only, phenomena only, and both.

Feature Sets

Accuracy Precision Recall F1

unigram only 0.7396 0.8363 0.5958 0.6959
phenomena only 0.7167 0.6688 0.8583 0.7518
unigram+phenomena 0.7792 0.8602 0.6667 0.7512

Table 4: RQ3 Results. We evaluated Haiku 4.5’s predictive performance on D¢ icago Under the phenomena-in-
the-prompt condition with different conjectured phenomena sets: phenomena conjectured from prior knowledge,

sampled reviews, and predictive words.

Prompts for conjecturing phenomena Accuracy Precision Recall F1

prior knowledge 0.5988 0.6113 0.5425 0.5748
sampled reviews 0.6269 0.6862 0.4675 0.5561
predictive words 0.6962 0.7532 0.5838 0.6577

involved 8 English-speaking participants (N = 8),
recruited from our institution. Participants were
pre-screened for familiarity with online hotel re-
views. The study was approved by our Institutional
Review Board (IRB), and participants received a
reward of US$15.

The study followed a within-subjects design with
two phases. The task remained the same in both
phases. Participants were provided with four gen-
uine and four deceptive Chicago hotel reviews
(sampled from D¢picago). For each review, partici-
pants were shown the predicted label from a logistic
regression classifier. Participants were explicitly
told that the classifier could make mistakes and
should carefully scrutinize each review. The two
phases differed only in the explanation provided:
(1) Lexical cues only, where predictive words (e.g.,
“Chicago”) were highlighted, and (2) Lexical cues
with phenomena, where each highlighted word
was accompanied by a language phenomenon (e.g.,
“Deceptive reviews often use generic category terms
and prominent place or brand names”). Participants
were instructed to inspect the model prediction and
explanation first, and then judge whether the review
was genuine or deceptive. After completing both
phases, participants took part in a semi-structured
exit interview (Appendix A).

5.2 User Study Findings

We audio-recorded and transcribed all interviews
conducted over Zoom. One author conducted an
inductive thematic analysis on the transcripts. Our
analysis focused on how participants interpreted
predictive lexical cues, how they used the conjec-
tured phenomena, and how these explanations af-

fected their reasoning and trust in the model. We
report four key findings below.

From unsupported cues to self-constructed
(and often incorrect) explanations. All partici-
pants (/N = 8) reported confusion when only pre-
dictive words were shown. However, participants
did not simply ignore these cues. Instead, they ac-
tively attempted to infer why certain words were
highlighted. These interpretations were often spec-
ulative and inconsistent across participants. For
example, P8 noted, “I couldn’t imagine why those
words were highlighted,”. When these attempts
failed, participants either ignored the highlights or
formed ad-hoc explanations that were not grounded
in the model behavior. This suggests that unex-
plained lexical cues can lead users to construct
their own mental models that might be inaccurate.

Language phenomena shifted users from
word-level guessing to pattern-level reasoning.
When LLM-conjectured phenomena were intro-
duced, participants changed how they interpreted
the model prediction—they began to reason about
higher-level language patterns rather than individ-
ual words (N = 8). Participants described the
phenomena as providing a “reason” behind predic-
tions. Importantly, participants did not passively
accept these explanations, but carefully evaluated
them. This indicates that the phenomena act as an
intermediate representation that connects lexical
cues to human-understandable reasoning.

Explanations enabled comparison between
human and model reasoning. Most participants
(N = 7) did not uniformly accept the conjectured
phenomena. Instead, they selectively accepted ex-
planations that aligned with their own heuristics
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and rejected those that did not. For instance, P2
agreed with some patterns (e.g., use of extreme
superlatives) but disagreed with others. Across
participants, we observed that explanations made
points of agreement and disagreement more ex-
plicit. Rather than persuading users, the phenom-
ena enabled users to compare their own reasoning
with the model’s reasoning. This indicates that ex-
planation not only improve users’ understanding,
but also exposing (mis)alignment between human
and model perspectives.

Explanations supported calibrated trust but
did not override prior beliefs. Participants consis-
tently relied on their own heuristics for deception
detection (N = 7) in the absence of phenomena.
The conjectured phenomena did not replace these
heuristics. Instead, participants used them as an ad-
ditional signal. For example, P5 noted that explana-
tions increased confidence only when the reasoning
made sense. Compared to the lexical-only condi-
tion, the phenomena enabled more selective and
deliberate reliance on model predictions—users
regulate their reliance on the model rather than
blindly accepting or rejecting it.

6 Discussion and Conclusion

Summary of findings: In this work, we study the
feasibility of using LLMs to translate machine-
learned lexical cues into higher-level, human-
understandable language phenomena in deception
detection. We introduce a conjecture-then-validate
pipeline: an LLM first conjectures the underlying
phenomena associated with predictive words, and
these phenomena are then validated algorithmically
by testing whether they reflect patterns in the data.

Our algorithmic results show that these conjec-
tured phenomena have predictive power for dis-
tinguishing genuine and deceptive reviews (RQ1),
generalize to new, unseen data in the same domain
(RQ?2), and are most effective when derived from
predictive words rather than prior knowledge or
in-context learning (RQ3). Together, these findings
suggest that LLMs can translate nuanced lexical
cues into human-interpretable language phenom-
ena in deception detection—a capability that may
extend to other text classification tasks where pre-
dictive features are unintuitive but reflect underly-
ing linguistic patterns.

Our human evaluation complements these find-
ings by showing how such phenomena affect user
reasoning. When only predictive words were

shown, participants attempted to infer their mean-
ings but often formed speculative or inconsistent
interpretations. In contrast, when language phe-
nomena were provided, participants shifted from
reasoning about isolated words to reasoning about
higher-level patterns. Importantly, participants did
not passively accept these explanations. Instead,
they compared them with their own heuristics and
selectively accepted or rejected them. As a result,
the conjectured phenomena did not lead to blind
trust, but supported calibrated trust.

Implications for human trust in NLP systems:
While feature importance explanations are a com-
mon approach to explaining model predictions, we
find that predictive words do not always make
immediate sense to humans. LLMs can support
model interpretability by discovering intermediate,
human-interpretable representations that connect
machine-learned features with human reasoning.
Building on salient lexical cues, these representa-
tions provide a structured way for users to inter-
pret model outputs and relate them to higher-level
language patterns. This highlights a key tension
between plausibility and faithfulness in generat-
ing human-centered explanations for NLP systems:
user trust should not be achieved by making ex-
planations more persuasive, but by enabling users
to assess model outputs in relation to their own
knowledge. In our study, LLM-conjectured phe-
nomena supported this process by improving in-
terpretability while preserving user agency. Users
remained active decision-makers who could accept,
reject, or question the model’s reasoning. More
broadly, translating unintuitive predictive features
into meaningful language phenomena can improve
how users interact with NLP systems and support
appropriate reliance rather than passive acceptance.

Future work: While our validation approach
provides evidence that the LLM-conjectured phe-
nomena correspond to real patterns in the data, it
does not guarantee that these explanations are fully
faithful to the underlying model. Some phenom-
ena may reflect simplified interpretations rather
than complete causal mechanisms. Future work
should investigate how to better assess and improve
the faithfulness of LLM-generated explanations.
Additionally, our human evaluation is limited in
scale and domain, and future studies could exam-
ine broader user populations and other NLP tasks.
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7 Limitations

This work has several limitations. First, although
our conjecture-then-validate framework provides
evidence that LLM-conjectured phenomena cor-
respond to real patterns in the data, it does not
guarantee full faithfulness to the underlying model
or causal mechanisms. Some explanations may still
reflect partial or simplified interpretations.

Second, our approach relies on single-pass
prompting without iterative refinement. Future
work could explore human-in-the-loop or multi-
step strategies to improve the quality and reliability
of the generated phenomena.

Finally, we use off-the-shelf LLMs and focus on
deception detection in hotel reviews, which may
limit generalizability. Our human evaluation also
primarily involves lay participants; expert linguistic
evaluation could provide deeper validation.

8 Ethical Considerations and Broader
Impacts

This study was approved by our Institutional Re-
view Board (IRB). Participants were informed
about the task and compensated appropriately. The
datasets used are publicly available or previously
collected, and no personally identifiable informa-
tion was used. Participants in our study were ex-
plicitly informed that the reviews were pre-labeled
and part of a research setting.

Our work aims to improve human understanding
and support calibrated trust in NLP systems. How-
ever, the identified language phenomena could be
misused to craft more sophisticated deceptive con-
tent. Such misuse could make deceptive content
more difficult to detect by both humans and auto-
mated systems. More broadly, LLM-generated ex-
planations may appear plausible without being fully
faithful to underlying data or models. If deployed
without proper validation, such explanations could
mislead users or create a false sense of understand-
ing. We emphasize that our framework includes
an explicit algorithmic validation step to mitigate
this risk, and we encourage future work to further
investigate methods for ensuring faithfulness and
preventing misuse.
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A Exit Interview Questions

Participants were asked the following questions in
the exit interview.

1. The Al system suggests its predictions and
highlights words that are strong evidence for
both labels. For any of the reviews, did
you find yourself looking at those highlighted
words? Were there any particular goals you
were hoping to achieve by looking at these
words?

2. Did you find these highlighted words helpful
to you when understanding the AI’s prediction
of whether a review was genuine or deceptive?
If yes, how did they help? If no, why were
they not helpful?

3. The Al system suggests its predictions and
highlights words that are strong evidence for
both labels. It also presents some language
phenomena associated with predictive words.
For any of the reviews, did you find yourself
looking at those language phenomena? Were
there any particular goals you were hoping to
achieve by looking at these phenomena?

4. Did you find these phenomena helpful to you
when understanding the AI’s prediction of
whether a review was genuine or deceptive?
If no, why were they not helpful?

556



