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Production Efficiency in Written Hindi Falsehoods
Ishita Arun (huz248352@iitd.ac.in)1 & Samar Husain (samar@iitd.ac.in)2
1Department of Humanities and Social Sciences, Indian Institute of Technology Delhi
2Department of Humanities and Social Sciences, Indian Institute of Technology Delhi

Abstract

This study examines linguistic differences between truthful and
false written narratives in Hindi using psycholinguistically mo-
tivated measures of language processing complexity. Adopt-
ing a corpus-based, processing-oriented approach, we investi-
gate how the cognitive demands of producing falsehoods shape
lexical and syntactic choices beyond surface-level cues. Par-
ticipants produced written opinions that were either truthful
or intentionally false, which were analyzed using metrics in-
cluding surprisal, dependency distance, part-of-speech distri-
butions, and type–token ratio. Our results show that lower
mean surprisal, along with higher verb counts and reduced use
of nouns and adverbs, significantly predicts false narratives.
These patterns suggest that falsehood production in Hindi re-
lies on linguistically efficient strategies characterized by pre-
dictable constructions and reduced informational specificity to
ease planning and monitoring under cognitive load. By present-
ing evidence from an underrepresented South Asian language,
this study advances cross-linguistic research on deception and
highlights the value of processing-based metrics for understand-
ing deceptive language production.

Keywords: falsehood; deception; false opinion; verbal cues;
psycholinguistics; corpus analysis; Hindi; language processing

Introduction
Human communication often involves deception, as language
enables speakers to intentionally mislead others by express-
ing ideas, beliefs, or opinions that they do not genuinely hold
(Austin, 1975; Bok, 2011; Carson, 2006; Levinson, 1983;
Meibauer, 2019). Verbal deception can take several forms, in-
cluding lying, exaggeration, and misdirection (Levine, 2014;
Meibauer, 2019; Zuckerman et al., 1981). Lying typically
involves presenting false information as true (Arciuli et al.,
2010; Bok, 2011; Gillings, 2024; Mahon, 2008; Sarzynska-
Wawer et al., 2023; Vrij et al., 2010). In this paper, we
operationalize falsehood as the intentional verbal expression
of an opinion that the speaker does not believe. Under this
definition, falsehood is treated as a form of lying, with an
emphasis placed on subjective opinions rather than objective
factual claims.

Research on deception has largely centered on the identi-
fication of cues that can reliably signal deceptive behavior.
Early work primarily emphasized non-verbal indicators, such
as facial expressions, gestures, and bodily movements, while
subsequent research expanded this focus to include verbal and
paralinguistic cues, including speech errors, hesitations, nar-
rative inconsistencies, and variations in vocal pitch (DePaulo

et al., 1982, 2003; Ekman, 1989; Ekman & Friesen, 1969; Loy
et al., 2018; Masip et al., 2012; Vrij et al., 2010; Zuckerman
et al., 1982).

Linguistic cues of deception are increasingly important for
detecting deceptive behavior in technology-mediated and text-
based interactions, where non-verbal signals are absent. Prior
research has shown that deceivers tend to use language differ-
ently from truth-tellers (Burgoon et al., 2003; Hartwig et al.,
2010; Newman et al., 2003). Because deceptive narratives
are not grounded in actual experience, they are often shorter
and more abstract, contain fewer concrete and contextual de-
tails, exhibit reduced use of first-person pronouns and exclu-
sivizers, and employ less complex vocabulary (Arciuli et al.,
2010; Gillings, 2024; HaCohen-Kerner et al., 2015; Johnson
& Raye, 1981; Newman et al., 2003; Sarzynska-Wawer et al.,
2023).

However, these surface-level, count-based linguistic cues
are not universal and vary across languages. For instance,
truthful accounts in Spanish contain more prepositions than
deceptive ones, whereas in Polish, deceptive accounts more
frequently employ infinitive forms (Masip et al., 2012;
Sarzynska-Wawer et al., 2023). Such findings suggest that de-
ception is manifested through language-specific realizations,
limiting the cross-linguistic generalizability of cues that solely
rely on lexical and morphosyntactic features.

Despite these cross-linguistic differences, a common un-
derlying theoretical account holds that the differential use of
language in truthful versus deceptive accounts reflects the
greater cognitive effort required during deception (Burgoon
& Buller, 1994; Ekman & Friesen, 1969; Pennebaker & Chew,
1985; Zuckerman et al., 1981). To lie successfully, speakers
must maintain internal consistency in their fabrication while
ensuring external consistency with what others already know
(Zuckerman et al., 1981). Because deception is an interactive
process, liars must continuously monitor and regulate their
behavior to avoid “leakages” that may reveal the lie, making it
mentally taxing (Burgoon & Buller, 1994; Zuckerman et al.,
1981).

The increased cognitive demands are reflected in both the
content and timing of deceptive language. Deceptive re-
sponses often exhibit longer response times, indicating in-
creased planning before communication (Blandón-Gitlin et
al., 2014; Gombos, 2006; Walczyk et al., 2003). Sentence
production involves conceptual preparation, lexical selection,
syntactic planning, and active monitoring (Bock & Levelt,
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1994; Levelt, 1983; Willem, 1989). When lying, speakers
must additionally inhibit truthful information, monitor con-
sistency, and anticipate the listener’s expectations, which in-
creases cognitive load (Gombos, 2006; Lane & Wegner, 1995;
Walczyk et al., 2003; Zuckerman et al., 1981). This extra ef-
fort often results in shorter, simpler, and more constrained
utterances, mirroring the linguistic patterns observed in de-
ceptive narratives (DePaulo et al., 2003; Leal et al., 2010; Lo-
conte et al., 2023; Newman et al., 2003; Walczyk et al., 2003).
Models such as the Preoccupation Model of Secrecy (Lane
& Wegner, 1995) and the Activation-Decision-Construction
Model (ADCM) (Walczyk et al., 2003) attempt to formalize
some of these processes from a Cognitive Psychology perspec-
tive, emphasizing the role of inhibition and working memory
in lie fabrication.

Building on this cognitive account, Psycholinguistics of-
fers a novel perspective for analyzing linguistic complexity
in deceptive narratives. It defines linguistic complexity as "a
measure of the cognitive difficulty of human language process-
ing" (Frazier, 1985; Liu, 2008; Nichols, 2009). Within this
framework, different theoretical accounts have operational-
ized processing difficulty.

The dependency distance minimization hypothesis posits
that, because language processing is constrained by the lim-
ited capacity of working memory, languages tend to avoid
complex structures, particularly those involving long distances
between syntactic heads and their dependents, thereby moti-
vating dependency distance as a measure of linguistic com-
plexity (Futrell et al., 2020; Gibson, 2000). Thus, dependency
distance measures the linear distance between syntactically
linked words, with longer distances reflecting higher process-
ing demands during sentence processing (Futrell et al., 2015;
Gibson, 2000; Liu, 2008; Rajkumar et al., 2016; Scontras
et al., 2015; Yadav et al., 2020; Zafar & Husain, 2023).

By contrast, the adaptability hypothesis characterizes com-
plexity in terms of distributional expectations: structures that
occur more frequently are easier to process than less prob-
able ones, motivating surprisal as a measure of processing
difficulty (Christiansen & MacDonald, 2009; Hale, 2001;
Levy, 2008; Vasishth et al., 2010). Surprisal estimates the
predictability of each word given its preceding context, with
higher surprisal indicating a greater processing effort required
to integrate unexpected or less predictable words (Demberg
& Keller, 2008; Hale, 2001; Levy, 2008; Patil et al., 2008).

Approaches grounded in semantic coherence view process-
ing difficulty as arising from the effort required to integrate
meaning across discourse (Carter & Hoffman, 2024). From
this perspective, semantic similarity captures the degree of
conceptual alignment between a word and its surrounding
context, with lower similarity indicating increased integration
difficulty and greater cognitive effort during comprehension
and production (Carter & Hoffman, 2024; Corley & Mihalcea,
2005; Kun et al., 2023; Miller & Charles, 1991; Sravanthi &
Srinivasu, 2017).

Psycholinguistic measures of complexity, such as depen-

dency distance, surprisal, and semantic similarity, provide
quantifiable insights into the cognitive effort involved in lan-
guage planning, production, and comprehension (Futrell et al.,
2020; Jaeger & Tily, 2011; Levy, 2008; McDonough & Trofi-
movich, 2011; Rajkumar et al., 2016). Together, these metrics
systematically capture subtle variations in sentence structure,
lexical choice, and conceptual organization that arise from
the increased cognitive load during deception, offering a fine-
grained perspective that complements traditional cue-based
approaches. Crucially, because they target underlying cog-
nitive and informational properties of language rather than
surface-level features, these measures have been shown to gen-
eralize across typologically diverse languages (Futrell et al.,
2015; Wilcox et al., 2023). In other words, the patterns they
reveal are consistent across languages, suggesting they cap-
ture universal properties of language production rather than
features specific to one language, making them well-suited for
investigating deception from a cross-linguistic perspective.

While cues of deception have been extensively studied,
much of the research is grounded in psychological or forensic-
linguistic frameworks. Applying psycholinguistic measures
of complexity to corpus data provides a novel toolkit for ana-
lyzing deceptive discourse at scale, revealing context-sensitive
patterns (Gillings, 2024). Building on these insights, our
study proposes a corpus-based comparison of deceptive and
truthful accounts using psycholinguistic measures of process-
ing complexity alongside count-based features. Count-based
features capture what is produced, while psycholinguistic
measures provide insights into how language is planned and
processed (Futrell et al., 2020; Jaeger & Tily, 2011; Levy,
2008; McDonough & Trofimovich, 2011; Newman et al.,
2003; Rajkumar et al., 2016; Sarzynska-Wawer et al., 2023;
Scontras et al., 2015). Taken together, these complementary
perspectives offer a more comprehensive account of linguistic
variation in falsehoods.

Specifically, we aim to address three gaps: (1) comparing
linguistic patterns between true and false narratives in terms of
processing efficiency; (2) applying psycholinguistic metrics,
such as dependency distance, surprisal, and semantic sim-
ilarity, to analyze the verbal content of the narratives while
grounding the findings in psychological theories of deception;
and (3) extending the analysis cross-linguistically to include
Hindi1 (a Subject-Object-Verb language).

To compare the linguistic efficiency of truthful narra-
tives and falsehoods in Hindi, we first construct a dataset
of speakers’ true and opposing opinions using the false-
opinion paradigm (Ekman, 1989; Leal et al., 2010; Mehra-
bian, 1971; Mihalcea & Strapparava, 2009; Newman et al.,
2003; Sarzynska-Wawer et al., 2023). Using this dataset, we
compare narratives along both simple count-based measures
(for example, the frequency of nouns, verbs, adjectives, and

1Hindi belongs to the Indo-Aryan language family and is spoken
primarily in northern-western and central India. It has over 600
million speakers, making it one of the most widely spoken languages
in the world (Gordon Jr, 2005).
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adverbs) and psycholinguistically motivated complexity met-
rics, including mean dependency distance, surprisal, and se-
mantic similarity. Our results demonstrate several predictors
that reliably distinguish between truthful and false opinions in
the current dataset. This work contributes a novel, cognitively
grounded approach to the study of deception. Future research
can extend these findings to other languages and to speech-
based corpora to assess the robustness of these metrics across
modalities and linguistic contexts.

Methods
Participants
Participants were 46 native adult speakers of Hindi recruited
through the authors’ personal networks. All participants re-
ported normal or corrected-to-normal vision and hearing, with
no history of speech, language, or neurological disorders. Par-
ticipation was voluntary; informed consent was obtained prior
to participation, and all collected responses were anonymized.

Procedure
To construct a dataset comprising both truthful and false opin-
ions, we employed the "false opinion" paradigm, frequently
used in deception literature (Arciuli et al., 2010; Capuozzo et
al., 2020; Ekman, 1989; Leal et al., 2010; Mehrabian, 1971;
Mihalcea & Strapparava, 2009; Newman et al., 2003; Pérez-
Rosas & Mihalcea, 2014; Sarzynska-Wawer et al., 2023),
to elicit deceptive and truthful narratives from native Hindi
speakers across three socially controversial topics: abortion,
the death penalty, and best friends. Data were collected us-
ing Google Forms, a platform also used by Capuozzo et al.
(2020). Each participant was permitted a single submission.
Responses were provided in Romanized Hindi and were sub-
sequently converted into Devanagari script by the authors for
analysis.

For the topics of abortion and the death penalty, partici-
pants were first asked to write a 4–5 line narrative expressing
their genuine opinion on whether the practice should be legal,
including as many details as possible, as if they were partic-
ipating in a debate. They were then instructed to produce a
second narrative of comparable length and detail that argued
the opposite position, thereby generating a falsehood. For the
best friend topic, participants were instructed to describe the
reasons for their friendship with their actual best friend, which
served as the truthful narrative. To elicit a false opinion, they
were asked to think of someone they strongly disliked and
describe that person as if they were their best friend. Instruc-
tions regarding the length of the narrative, level of detail, and
the debate scenario were kept identical across topics for both
truthful and falsehood conditions.

For each topic, we collected 46 truthful and 46 false opin-
ions, yielding a total of 276 texts. Following a manual quality
check, 28 narratives were excluded from the analysis. These
narratives were either written in English or consisted of re-
fusals or meta-statements indicating an inability or unwilling-
ness to provide an answer. The final dataset, therefore, consists

of 248 narratives. The distribution of narratives across topics
and conditions is reported in Table 1.

Topic Total Statements Truthful Falsehood
Abortion 87 42 45
Death Penalty 86 43 43
Best Friend 75 44 31
Overall 248 129 119

Table 1: Distribution of truthful and falsehood statements by
topic.

Analysis
To investigate the linguistic differences between truthful nar-
ratives and falsehoods, we extracted a range of features using
Python. Generative AI tools were employed minimally, solely
to assist with code debugging. Following prior work (Loconte
et al., 2023; Newman et al., 2003; Sarzynska-Wawer et al.,
2023; Vrij et al., 2000), we computed a set of count-based
features, described below, using the Stanza NLP library (Qi
et al., 2020).
• Narrative length: the total number of tokens in a narrative.
• Sentences per narrative: the total number of sentences in a

narrative.
• Type-token ratio: the ratio of unique words (types) to total

words (tokens) in a narrative, reflecting lexical diversity.
• Part-of-speech counts: the frequency of nouns, verbs, ad-

jectives, adverbs, auxiliaries, and first-person pronouns in
a narrative. For this paper, verb count was operationalized
as the total number of main verbs, with no distinction made
for light verbs. Nouns were counted irrespective of their
syntactic position within the sentence.

• Negation markers: the frequency of negation markers
(e.g.2, nahi ‘not’, na ‘no/not’) in a narrative.

• Discourse connectives: the frequency of discourse connec-
tives (e.g., kyunki ‘because’, jaise ‘for example/like’) in a
narrative.
The operational definitions of the psycholinguistic features,

along with the procedures used to compute them for each
narrative, are detailed below.
• Mean dependency distance is a measure of syntactic com-

plexity proposed by Futrell et al., 2015; Liu, 2008; Yadav
et al., 2020. It captures the linear distance between a head
and its dependent in a sentence. The dependency distance
(DD) for each head-dependent pair is calculated as the ab-
solute difference between their positions in the sentence.
The mean dependency distance for a sentence is computed
as the mean of the absolute distances across all dependency
pairs.
We computed the mean dependency distance for each nar-
rative by averaging the values across all sentences using
2Hindi examples are presented using a simplified Latin translit-

eration without diacritics to ensure readability. Glosses are provided
in English for clarity.
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the Stanza NLP library for Hindi (Qi et al., 2020). Higher
values indicate longer syntactic dependencies and are asso-
ciated with greater planning and processing effort during
sentence production (Hawkins, 2014; Scontras et al., 2015;
Zafar & Husain, 2023).

• Mean surprisal measures the cognitive effort during sen-
tence processing by computing the predictability of a word
in a sentence given its preceding context (Hale, 2001). It
is computed using the formula: negative log probability
of a word given its preceding context (Hale, 2001). Less
predictable words in a given context have higher surprisal
values and are associated with an increased processing cost
(Demberg & Keller, 2008; Levy, 2008; Patil et al., 2008).
In this study, we estimated token-level surprisal for each
narrative using Nvidia’s Nemotron-4-Mini-Hindi-4B-Base
model, a pretrained language model for Hindi, English, and
Hinglish (Joshi et al., 2024). Token-level surprisal values
were summed to obtain sentence-level surprisal, which was
normalized by sentence length. Lastly, narrative-level sur-
prisal was derived by adding sentence-level surprisal values
and normalizing by sentence count. Higher mean surprisal
values suggest that a narrative is syntactically or semanti-
cally less predictable.

• Mean semantic similarity captures the conceptual coher-
ence among consecutive structures (Miller & Charles, 1991;
Sravanthi & Srinivasu, 2017). Lower scores indicate that
two consecutive structures are less semantically related.
In this study, we computed semantic similarity for each nar-
rative as the average cosine similarity between vector em-
beddings of consecutive sentences obtained from Google’s
LaBSE model (Feng et al., 2022).

Feature extraction in Python produced a CSV file in which
each narrative was represented by a set of linguistic features
encoded as separate columns. This dataset was subsequently
analyzed in R. To address multicollinearity, we examined
variance inflation factor (VIF) scores and selected a gener-
alized linear model (GLM) that excluded predictors with high
collinearity. The final GLM included condition (truthful vs.
falsehood) as a binary dependent variable and the following
linguistic features as fixed effects: mean dependency dis-
tance, mean surprisal, mean semantic similarity, type–token
ratio, counts of nouns, verbs, adverbs, adjectives, first-person
pronouns, auxiliaries, negation markers, and discourse con-
nectives.

Predictions
Based on prior research, we hypothesized that falsehood nar-
ratives would exhibit markers of increased cognitive effort
relative to truthful narratives (Blandón-Gitlin et al., 2014;
Gombos, 2006; Walczyk et al., 2003; Zuckerman et al., 1981).
Specifically, we predicted lower mean dependency distance,
reflecting reduced syntactic complexity to maintain simpler
sentence structures; higher mean surprisal, reflecting the pro-
duction of less predictable linguistic sequences when events

are not grounded in actual experience; and lower semantic
similarity, reflecting reduced coherence across sentences.

We also anticipated differences in count-based features,
with falsehood narratives showing fewer first-person pro-
nouns, consistent with increased psychological distancing,
fewer adjectival and adverbial modifiers to maintain struc-
tural simplicity, and fewer content words overall to reduce the
cognitive demands of fabrication.

Results
We found that participants produced an average of 63 words
to express their true opinions and 55 words to express their
false opinions. A linear mixed-effects model with random in-
tercepts for participants and topics revealed a significant effect
of condition on narrative length, with falsehood narratives be-
ing shorter than truthful narratives (𝛽 = −8.997, 𝑆𝐸 = 2.69,
𝑡 = −3.35).

Since narrative length exhibited substantial collinearity with
several linguistic predictors, it was excluded from the final
model. The final model included scaled values of mean de-
pendency distance, mean surprisal, mean semantic similarity,
type–token ratio, and counts of nouns, verbs, adverbs, ad-
jectives, first-person pronouns, auxiliaries, negation markers,
and discourse connectives as fixed effects. Table 2 reports the
parameter estimates from this model.

The analysis revealed a significant positive effect of verb
count (𝛽 = 1.04, 𝑆𝐸 = 0.31, 𝑝 < 0.001), indicating that nar-
ratives with a higher number of verbs were more likely to be
classified as falsehoods. In contrast, noun count (𝛽 = −1.04,
𝑆𝐸 = 0.35, 𝑝 < 0.01) and adverb count (𝛽 = −0.35,
𝑆𝐸 = 0.17, 𝑝 < 0.05) showed significant negative effects,
such that increases in these features were associated with a
lower likelihood of a narrative being a falsehood. Mean sur-
prisal also exhibited a significant negative effect (𝛽 = −0.32,
𝑆𝐸 = 0.16, 𝑝 < 0.05), with higher surprisal values corre-
sponding to reduced odds of falsehood. No other predictors
reached statistical significance in the present dataset. Figure
1 visualizes the effects of predictors that showed significant
contributions to the model.

Discussion
Our study investigated linguistic differences between written
truthful narratives and falsehoods in Hindi, using measures
of language processing complexity drawn from Psycholin-
guistics and applied within a corpus-based framework. Our
goal was to extend the literature on deception by introducing
processing-oriented metrics that offer insight into the cogni-
tive mechanisms underlying deceptive language production.
In doing so, we contribute empirical evidence on how planning
and production demands shape deceptive communication, par-
ticularly in a language that has been underrepresented in this
literature.

A central assumption in deception research is that speak-
ers strategically modulate their behavior to appear credible
(DePaulo et al., 2003; Hartwig et al., 2010). Such modula-
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Predictor 𝜷 SE 𝒛 𝒑
Intercept −0.115 0.136 −0.85 .397
Mean dependency distance −0.066 0.156 −0.42 .674
Semantic similarity −0.019 0.168 −0.12 .908
Sentence surprisal −0.321 0.156 −2.06 .040∗
Type–token ratio −0.242 0.241 −1.00 .315
Verb count 1.038 0.314 3.31 < .001∗∗∗
Noun count −1.038 0.354 −2.94 .003∗∗
Auxiliary count −0.365 0.270 −1.35 .177
Adjective count 0.023 0.265 0.09 .930
Adverb count −0.348 0.171 −2.03 .043∗
First-person pronoun count −0.066 0.169 −0.39 .695
Negation marker count −0.260 0.170 −1.53 .126
Discourse connective count 0.032 0.221 0.15 .885
Honorificity marker count −0.163 0.151 −1.08 .280

Table 2: Results of the logistic regression model predicting
narrative condition (truthful vs. falsehood). All predictors
were standardized. Positive coefficients indicate higher log-
odds of a narrative being classified as a falsehood. Rows
highlighted in light grey indicate statistically significant ef-
fects.

tion may manifest in subtle differences in how messages are
planned and produced. These processes are not necessarily
universal; they may vary across languages due to typological
properties and discourse norms (Futrell et al., 2015; Gib-
son et al., 2019; Husain et al., 2014). Identifying reliable
cues of deception requires examining both language-specific
patterns and factors that hold across languages. By focusing
on Hindi, a South Asian Subject-Object-Verb (SOV) language
with distinct syntactic and discourse characteristics, this study
addresses a significant gap in cross-linguistic deception re-
search. By leveraging psycholinguistic measures of linguistic
complexity that have been shown to generalize across lan-
guages (Futrell et al., 2015; Wilcox et al., 2023), we aimed to
uncover universal markers of deceptive language that are not
tied to any single linguistic system.

Our results show that verb count, noun count, adverb count,
and mean surprisal significantly predict falsehood in Hindi
narratives. Falsehood narratives showed a higher verb count
in our study, suggesting a greater focus on actions rather than
entities. This finding aligns with reports that deceptive texts
often emphasize motion or action verbs, which allow speakers
to construct plausible narratives without committing to spe-
cific, verifiable details (Nahari et al., 2014; Newman et al.,
2003; Sarzynska-Wawer et al., 2023). Such action-focused
constructions may be easier to maintain and monitor under
cognitive load. Additionally, the lower adverb count in false-
hood narratives suggests reduced elaboration, consistent with
a strategy of maintaining simplicity and coherence when cog-
nitive resources are constrained.

The higher noun count observed in truthful narratives sug-
gests greater specificity and the inclusion of more concrete,
potentially verifiable details such as entities, locations, or
names. This pattern aligns with the verifiability approach,
which posits that truthful accounts contain more details that
can, in principle, be checked (Kleinberg et al., 2018; Nahari

Figure 1: Effects of significant linguistic predictors on the
probability of falsehood narratives. Shaded bands represent
95% confidence intervals.

et al., 2014). The differences in noun count, along with the
absence of differences in type–token ratio, are also consistent
with Porter and Yuille (1996), indicating that specificity may
be driven more by content selection that favors more concrete
entities than by lexical diversity.

Although we expected false opinions to exhibit higher sur-
prisal due to their lack of grounding in reality, our results
revealed the opposite pattern: false opinions were associated
with lower surprisal. Our findings suggest that falsehoods in
Hindi rely on more predictable lexical sequences. Lower sur-
prisal corresponds to routinized, highly predictable construc-
tions that are easier to plan, generate, and monitor (Demberg
& Keller, 2008; Levy, 2008; Rajkumar et al., 2016). The
predictability of these constructions may reduce processing
effort for listeners (Lowder et al., 2018; Wilcox et al., 2023),
giving rise to an illusion of truthfulness (Goupil et al., 2021;
Mac Giolla et al., 2013).

We did not observe differences in mean dependency dis-
tance between truthful and deceptive narratives, indicating
comparable levels of syntactic complexity across conditions.
This finding mirrors results reported for Polish (Sarzynska-
Wawer et al., 2023), suggesting that deception may not nec-
essarily reduce syntactic complexity (as operationalized by
dependency distance) in written opinion tasks. Similarly, like
Sarzynska-Wawer et al. (2023), we found no differences in the
use of negation markers. However, whereas Sarzynska-Wawer
et al. (2023) reported differences in pronouns and infinitives,
our results point to differences in the use of nouns, verbs,
and adverbs in Hindi. These contrasts underscore the im-
portance of language-specific analysis and suggest that the
linguistic realization of deception may depend on typological
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and discourse-level factors.
Our findings align with prior research, showing that lin-

guistic simplification is consistent with cognitive accounts of
deception (Gombos, 2006; Newman et al., 2003; Sarzynska-
Wawer et al., 2023; Vrij et al., 2010; Walczyk et al., 2003;
Zuckerman et al., 1981). Vrij et al. (2010) outlines several
reasons why lying is cognitively more demanding than truth-
telling, including the need to maintain internal consistency,
align with what others know, actively monitor credibility, as-
sess the listener’s reactions, suppress truthful information, and
sustain a fabricated mental representation. Some of these de-
mands are reduced in written communication. For example,
the absence of real-time monitoring of non-verbal cues and
limited feedback from the interlocutor. In the present study,
eliciting true and false opinions in a written format enabled
us to isolate linguistic cues that reflect differences in planning
and production processes specifically associated with the fab-
rication of false opinions.

Overall, our results can be explained by two underlying
mechanisms: strategic adaptation and structural constraints in
language production. First, deceptive speakers may strategi-
cally adapt their language to align with culturally salient norms
of truthfulness, such as sounding fluent, coherent, and natural
(DePaulo et al., 2003; Goupil et al., 2021; Hartwig et al.,
2010; Mac Giolla et al., 2013). Therefore, to sound credible,
speakers strategically produce simpler and more routinized
linguistic structures. From this perspective, linguistic simpli-
fication is not merely a byproduct of deception but a strategic
adjustment designed to project honesty and credibility.

Second, linguistic simplicity in deceptive narratives can
arise from the working memory constraints imposed by the
language production system. This approach aligns with
production-based accounts of language use, suggesting that
speakers favor linguistically conservative strategies that min-
imize processing demands during conceptualization and for-
mulation when under cognitive load (Bock & Levelt, 1994;
Ferreira & Swets, 2002; Hartsuiker & Barkhuysen, 2006;
Ivanova & Ferreira, 2019; Slevc, 2011). Fabricating false
opinions demands additional resources for truth inhibition
and behavioral monitoring (Gombos, 2006; Lane & Wegner,
1995; Vrij et al., 2010; Walczyk et al., 2003; Zuckerman et al.,
1981), thereby constraining planning and production. Under
these pressures, writers produce lower-surprisal texts with re-
duced informational specificity, reflecting a shift toward com-
putational efficiency in lexical selection and grammatical en-
coding. In contrast, truthful narratives face fewer conceptual
and monitoring constraints, enabling greater elaboration and
entity-specific detail despite higher processing costs. This
pattern underscores that linguistic efficiency in falsehood pro-
duction arises from inherent constraints in the language pro-
duction system rather than strategic stylistic choices.

We acknowledge several limitations of this study. The use
of online data collection and the false-opinion paradigm may
constrain ecological validity. Responses to socially controver-
sial topics may be influenced by social desirability biases and

the consistent ordering of the elicitation procedure, whereby
participants produced truthful accounts before deceptive ones,
may have introduced order effects. The limited range of topics
further restricts generalizability. Future research should repli-
cate these findings using larger datasets, a broader range of
communicative contexts, and additional languages. Extend-
ing these metrics to spoken data would also enable the exam-
ination of how linguistic complexity interacts with prosodic
and temporal cues.

Conclusion
We examined the linguistic cues of falsehood in written Hindi
narratives through the lens of language processing complexity.
By applying metrics informed by Psycholinguistics literature
to a corpus of truthful and false opinions in a typologically
different language, we sought to move beyond traditional sur-
face cues and uncover the cognitive mechanisms underlying
the planning and production of false messages. Our findings
show that false narratives in Hindi are characterized by lower
surprisal and systematic differences in lexical category usage,
particularly involving verbs, nouns, and adverbs.

Our results suggest that predictability and production ease
play a central role in written falsehood. Lower surprisal in
false texts points to a reliance on more predictable word se-
quences, supporting the notion that writers employ linguisti-
cally conservative strategies to sound more fluent. This aligns
with prior work linking deception to the cognitive load ac-
count while challenging the view that truth-telling necessarily
yields more coherent discourse. The higher noun count in
truthful narratives indicates greater specificity and inclusion
of verifiable details, consistent with the verifiability approach.
In contrast, false narratives were marked by actions over enti-
ties, evident in higher verb frequencies and reduced adverbial
elaboration, reflecting a strategy aimed at preserving plausi-
bility while minimizing detail.

Notably, no differences emerged in syntactic complexity
as measured by mean dependency distance, suggesting that
truthful and false narratives may be structurally comparable in
this context. Cross-linguistic comparisons reveal both conver-
gences and divergences, highlighting the need for language-
specific and typologically sensitive approaches to the study of
falsehood in discourse.

Despite some limitations concerning task design and topic
scope, this study provides novel psycholinguistic evidence
from Hindi and demonstrates the utility of processing-based
metrics for analyzing falsehoods. Future research should ex-
tend this framework to spoken data, larger and more hetero-
geneous datasets, and additional languages, as well as explore
how these metrics can inform computational models of false-
hood detection.
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