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Abstract

Large language models are increasingly used
in settings where information must be evalu-
ated not only for content, but also for reliability.
This paper introduces a human-grounded eval-
uation of source-sensitive calibration in Turk-
ish and English.! Across hearer-side uptake
tasks, we manipulate source reliability while
holding propositional content constant, and
test whether humans and LL.Ms adjust action-
readiness judgments according to source trust-
worthiness. Turkish human participants show
robust source sensitivity: they are substantially
more willing to act on information attributed
to high-trust sources than to low-trust sources,
while Turkish evidential morphology itself does
not independently affect uptake once the source
is overtly specified. LLMs show weaker cali-
bration. In Turkish, models partially register
explicit source reliability, but the effect is much
smaller than in humans and there is no reliable
effect of the -DI/-mls contrast. In English, mod-
els show small effects of both source reliability
and the lexical marker apparently, but no ro-
bust interaction between them. These results
suggest that current LLMs encode source cues
only partially and often fail to convert them into
human-like judgments about when information
is reliable enough to guide action.

1 Introduction

Recent progress in large language models (LL.Ms)
has shifted evaluation beyond text generation to-
ward evidence summarization, question answering,
claim assessment, and decision support under un-
certainty (OpenAl et al., 2024; Wang et al., 2023;
Huang et al., 2024; Vashurin et al., 2025; Ramos
et al., 2026). In these settings, models must recover
not only propositional content, but also where infor-
mation comes from, how trustworthy the source is,
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and whether the evidence is reliable enough to sup-
port belief, recommendation, or action. This dis-
tinction is central to human communication: hear-
ers do not treat official announcements, expert re-
ports, direct observations, and informal rumors as
equally action-worthy, even when the proposition
is held constant (Hovland and Weiss, 1951; Koenig
et al., 2004).

This raises a key question for LLM evalua-
tion: do models use source reliability as a stable,
decision-relevant variable, or merely as a surface
cue? Existing benchmarks have advanced the eval-
uation of language understanding, factuality, rea-
soning, and robustness (Hendrycks et al., 2021; Lin
et al., 2022; Srivastava et al., 2023; Liang et al.,
2023), but they typically test whether a model
gives the correct answer, not whether it conditions
its judgment on the epistemic status of the input.
This is crucial for agentic and decision-support sys-
tems: treating a low-credibility rumor as nearly as
action-worthy as an institutional report is a failure
of evidence-based calibration, not just factual ac-
curacy. Source-sensitive calibration is therefore an
action-grounding problem: models should be eval-
uated on how strongly they believe, recommend,
or act on information given its source (Kim et al.,
2024).

We introduce a controlled evaluation of source-
sensitive calibration through hearer-side uptake:
the degree to which information is treated as reli-
able enough to guide action. Our human-grounded
design follows prior work showing that robust ML
benchmarks require human judgments and care-
fully documented data collection, especially when
the target behavior involves meaning, preference,
uncertainty, commonsense, or decision-relevant
reasoning (Christiano et al., 2017; Kiela et al.,
2021; Gebru et al., 2021; Krumdick et al., 2025,
among others). The benchmark manipulates source
reliability while holding propositional content con-
stant. Participants and models read attributed sen-
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tences and answer action-oriented questions on a
1-7 scale, with higher ratings indicating stronger
behavioral uptake. This design allows us to test
whether humans and LLMs convert explicit source-
reliability cues into calibrated judgments about
whether information is reliable enough to guide
action.

Turkish is particularly useful for this evaluation
because it grammatically marks evidential distinc-
tions in the past domain through -DI and -mlis
(Slobin and Aksu, 1982; Aksu-Kog, 1988; Johan-
son, 2000; Karakas and Simsek, 2026a). Broadly,
-DI is the unmarked past form and is commonly as-
sociated with direct evidence, whereas -mls can
convey reportative or inferential meanings, al-
though its interpretation is context-dependent. En-
glish, by contrast, typically expresses such mean-
ings through optional lexical devices such as report-
edly, apparently, or according to X (Aikhenvald,
2004). This typological difference allows us to ex-
amine whether action-readiness is shaped by the
reliability of an explicitly named source, by eviden-
tial form, or by both. Existing Turkish benchmarks
(Yiiksel et al., 2024; Bayram et al., 2025a; Basar
et al., 2025; Karakas and Simsek, 2026b), includ-
ing TurkishMMLU, TR-MMLU, and TurBLiMP,
primarily evaluate general language understand-
ing, classification, and grammatical competence
(Karakasg, 2026a). In contrast, the present work di-
rectly manipulates source reliability and measures
its effect on action-readiness, rather than produc-
tion alone (Karakag and Simgek, 2026a), in both
Turkish and English. This design allows us to test
whether humans and LLMs calibrate their judg-
ments according to the epistemic quality of the
source.

For English, the Turkish materials are translated
while preserving the same 2 x 2 structure: Source
Reliability is manipulated as High Trust versus
Low Trust, and Evidential Form contrasts an un-
marked/simple form with the lexical marker ap-
parently. Because English lacks the Turkish -DI/-
mls morphological contrast, this manipulation is in-
tended as a functional parallel rather than a seman-
tic equivalent. In particular, apparently can signal
indirect evidence and reduced certainty or speaker
commitment, which partially overlaps with repor-
tative uses of Turkish -mls, although the two forms
differ in their broader semantic and pragmatic dis-
tributions (Kornfilt, 1997; Goksel and Kerslake,
2005; Aikhenvald, 2004). The English experiment
therefore tests whether source-sensitive uptake is

similarly modulated when evidential meaning is
expressed lexically rather than morphologically.

Turkish and English also differ in their NLP
resource profiles: English is high-resource and
central to LLM training and evaluation, whereas
Turkish is comparatively underrepresented in mul-
tilingual NLP (Joshi et al., 2020; Toraman, 2024;
Bayram et al., 2025b). Because typological and
resource differences cannot be independently dis-
entangled in the present design, we treat the two
languages as parallel probes of source-sensitive cal-
ibration under different evidential systems rather
than as a controlled causal comparison. This dis-
tinction is especially relevant for multilingual and
language-adapted LLMs, whose behavior may vary
with pretraining coverage, tokenization, and adap-
tation data (Joshi et al., 2020; Toraman, 2024;
Bayram et al., 2025b; Karakasg, 2026b).

Thus, this paper makes three contributions. First,
we introduce a human-grounded evaluation frame-
work for source-sensitive calibration based on 1-7
action-readiness judgments. Second, we provide a
controlled Turkish human baseline for how hearers
use source reliability when deciding whether infor-
mation is reliable enough to guide action. Third, we
evaluate Turkish and English LLM uptake behavior
to test whether models convert explicit source cues
into appropriately cautious action-guiding judg-
ments across different evidential systems. We ar-
gue that source-grounded reasoning should be eval-
uated as a calibration problem: models should be
tested not only on whether they recognize source
cues, but also on whether they use those cues to
determine when information is reliable enough to
support action.

The remainder of this paper is structured as fol-
lows. Section 2 presents the experimental frame-
work and datasets used to evaluate source-sensitive
calibration. Section 3 reports the Turkish human
hearer-side uptake experiment, establishing a hu-
man baseline for the effects of source reliability
and evidential morphology. Section 4 evaluates
LLMs on the same task, first in Turkish, includ-
ing an expanded 200-item evaluation, and then in
English using a lexical evidential contrast. Sec-
tion 5 discusses the implications of these findings
for source-sensitive calibration, evidentiality, and
human-grounded LLM evaluation. Finally, Sec-
tion 6 summarizes the main conclusions, followed
by limitations, ethical considerations, and supple-
mentary materials in the appendix.
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2 Experimental Overview

We operationalize source-sensitive calibration us-
ing a 2 X 2 factorial design crossing Source Relia-
bility and Evidential Form. Source Reliability has
two levels: High Trust and Low Trust, defined by
whether the attributed source is well positioned to
know or assess the proposition at issue, for exam-
ple through relevant expertise, direct access to the
information, or an institutional role (Giannakidou
and Mari, 2021, 2024, 2026). High-Trust items
therefore use sources with a strong epistemic basis
for the relevant proposition, whereas Low-Trust
items use informal or unofficial sources without
comparable access or authority. The target proposi-
tion is held constant across source conditions.

Each critical item consists of a proposition, an
attributed source, an evidential form, and an action-
oriented question. For example, one scenario states
that classes were cancelled and attributes this either
to the institution’s official page or to an unofficial
social-media account. Respondents then rate how
likely they would be to go to class given the infor-
mation. Evidential Form contrasts -DI with -mls in
Turkish and an unmarked/simple form with appar-
ently in English. The English contrast is intended
as a functional parallel rather than a semantic equiv-
alent: apparently can signal indirect evidence and
reduced certainty or speaker commitment, partially
overlapping with reportative uses of -mls. Full ex-
amples of all four conditions in both languages are
provided in Appendix A. The dependent measure
is a 1-7 action-readiness rating indicating willing-
ness to act as if the proposition were true. Where
necessary, responses are directionally recoded so
that higher values consistently represent stronger
uptake. We predict higher ratings for High-Trust
than for Low-Trust sources and test whether this
effect varies with Evidential Form.

We use three evaluation settings. Dataset 1 is
the Turkish human-facing set, containing 10 sce-
narios realized across the four factorial conditions,
yielding 40 critical items, together with 30 fillers
for a total of 70 items. Fillers were included to
reduce the transparency of the experimental ma-
nipulation and were excluded from the factorial
analyses. Dataset 2 expands the materials to 50
scenarios, yielding 200 Turkish critical items—100
High-Trust and 100 Low-Trust items distributed
across the two evidential conditions—plus the same
30 fillers. This larger set is used for the LLM-
only evaluation to test whether the observed pat-

terns generalize beyond the smaller human-facing
dataset. The third setting uses an English transla-
tion of Dataset 2 with the same factorial structure.
The materials were translated by the authors and
independently reviewed by two native speakers of
American English for grammaticality, naturalness,
and clarity. Because Turkish and English differ
both in how evidential meaning is expressed and in
their NLP resource profiles, we treat the two eval-
uations as parallel tests rather than as a controlled
causal comparison between languages.

2x2 design Readiness rating

Stimulus design ~ —>
g Reliability x form 1-7 scale

Expanded eval g Dataset 1
200 items Turkish study

| Human-LLM compare

English LLM eval
Calibration

Effects analysis

O Design O Evaluation O Analysis

Figure 1: Overview of the experimental pipeline, from
stimulus design and the 2 x2 manipulation of Source Re-
liability and Evidential Form to the Turkish human and
LLM evaluations, expanded evaluation, English LLM
evaluation, and final effect-based calibration analyses.

3 Human hearer-side uptake experiment

The human hearer-side experiment received ap-
proval from the University of Chicago Institutional
Review Board (IRB26-0198) prior to data collec-
tion. Seventy-eight participants completed the
study. After excluding two test submissions and
two non-native Turkish speakers, the final analy-
sis included 74 native speakers of Turkish, all at
least 18 years old. The study was implemented on-
line using PCIBEX/PENNCONTROLLER (Zehr and
Schwarz, 2018). Participants read fully inflected
Turkish sentences followed by an action-oriented
question and responded on a 1-7 scale. The design
crossed Source Reliability (High Trust vs. Low
Trust) with Evidential Form (-DI vs. -mls). Each
participant completed 40 experimental trials: 10
scenarios crossed with two source types and two
evidential forms. Fillers were excluded, yielding
2,960 experimental responses, with 740 observa-
tions in each cell.

Because the raw scale did not have the same
direction across all scenarios, ratings were recoded
so that higher values consistently indicated stronger
behavioral uptake. For action-promoting items,
the original 1-7 rating was retained. For action-
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inhibiting items, responses were reverse-coded as
8 — rating, following standard practice for aligning
item polarity in survey and psychological research
(Chyung et al., 2018; Sudrez-Alvarez et al., 2018).

Uptake results. Human participants showed a
robust source-reliability effect. Table 1 summarizes
the mean uptake ratings by source condition and
evidential form.

Source condition -DI -mls
High trust 591 5.93
Low trust 422 425

Table 1: Human hearer-side uptake ratings. Higher
scores indicate stronger behavioral uptake, i.e., greater
willingness to act as if the proposition is true.

High-Trust contexts elicited substantially
stronger behavioral uptake than Low-Trust
contexts, whereas evidential morphology had little
independent effect. Mean uptake was 5.91 for
High-Trust+-DI and 5.93 for High-Trust+-mls,
compared with 4.22 for Low-Trust+-DI and 4.25
for Low-Trust+-mls. Thus, participants strongly
distinguished reliable from unreliable sources, but
did not assign different uptake to -DI and -mlis
once the source was overtly specified.

A participant-level repeated-measures analysis
confirmed this pattern. High-Trust contexts in-
creased uptake by 1.69 points on the 1-7 scale, 95%
CI [1.34,2.03], t(73) = 9.70, p = 9.15 x 10717,
In contrast, the evidential morphology effect was
not reliable: -mly differed from -DI by only 0.02
points, 95% CI [—0.10,0.05], ¢(73) = —0.66,
p = 0.514. The Source x Evidential interaction
was also absent, ¢(73) = 0.11, p = 0.913. Robust-
ness checks and reaction-time analyses are reported
in Appendix B.

4 LLM hearer-side uptake experiment

We next evaluated whether LLMs show human-
like hearer-side uptake in the same Turkish 2x2
design. Models read fully inflected Turkish sen-
tences and answered an action-oriented question
on a 1-7 scale. The prompt instructed each model
to return only a single number between 1 and 7.
Across all model runs, generation settings were
held constant: temperature was set to 0.1, top-p to
1, do_sample to true, and the maximum number
of generated tokens to 50. Each item was presented
three times, yielding 120 experimental responses

per model before exclusions. Fillers were excluded
from all analyses. As in the human analysis, ratings
were directionally recoded where necessary so that
higher scores consistently indicated stronger behav-
ioral uptake. The prompt is given in Appendix D.

Model selection. For the Turkish experiments,
we prioritized Turkish-focused or Turkish-adapted
models, alongside a small number of general-
purpose multilingual models for comparison. For
English, we retained these models and added
general-purpose counterparts where available, in-
cluding Gemma-2-9B-IT alongside Gemma-2-9B-
IT-TR. Full model names and grouping details are
provided in Appendix C.

Uptake results. Across the eight included mod-
els, LLMs showed only a weak numerical effect
of source reliability, much smaller than the hu-
man effect. At the model level, the mean High—
Low source effect was +0.35 points, 95% CI
[—0.00,0.71], t(7) = 2.35, p = 0.051. Thus, the
source effect is marginal even across models and
remains much smaller than the human source effect
of +1.69 points. Models also tended to assign high
action-readiness even to Low-Trust information,
suggesting weak source-sensitive calibration. Full
model-by-model uptake results are reported in Ap-
pendix E. As in the human uptake experiment, there
was no reliable independent effect of evidential
morphology. Collapsing across source conditions,
the mean morphology effect across the eight mod-
els was only +0.02 points, 95% CI [—0.15,0.19],
t(7) = 0.29, p = 0.781. Thus, the models do not
show evidence of using the -DI/-mlg contrast as an
independent cue for action-guiding uptake once the
source is overtly specified. The Source x Eviden-
tial interaction was likewise not reliable.

4.1 Expanded 200-item LLM hearer-side
uptake evaluation

To test whether the smaller LLM uptake results
generalize to a broader item set, we ran an enlarged
LLM-only hearer-side experiment with 200 trust-
manipulated Turkish sentences. The dataset was
expanded from 10 to 50 scenarios using the same
construction procedure and epistemic-authority cri-
teria as Dataset 1: for each additional scenario, we
defined an action-relevant proposition and question,
paired the proposition with High-Trust and Low-
Trust sources differing in their epistemic standing
with respect to that information, and crossed this
manipulation with Evidential Form. The design
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therefore crossed 50 scenarios with Source Relia-
bility (High Trust vs. Low Trust) and Evidential
Form (-DI vs. -mls), with each item repeated three
times. This yielded 600 experimental responses per
model before exclusions: 150 responses in each of
the four Source x Evidential cells. Fillers were
excluded from all analyses. As before, ratings
were directionally recoded where necessary so that
higher scores consistently indicated stronger behav-
ioral uptake. All eight evaluated models produced
valid 1-7 experimental responses for nearly all tri-
als. Seven models produced complete data, with
600/600 valid experimental responses. Kizagan-
E4B had 597/600 valid responses; the three missing
responses all came from the same High-Trust+-DI
item. We retained Kizagan in the analysis because
the missingness was minimal.

Uptake results. The expanded experiment shows
a statistically clearer source-trust effect than the
smaller LLM uptake set, but the effect remains
small relative to humans. Model-averaged up-
take was 5.51 for High-Trust+-DI and 5.54 for
High-Trust+-mls, compared with 5.23 for Low-
Trust+-DI and 5.24 for Low-Trust+-mls. Treat-
ing model as the unit of generalization, the mean
High-Low source effect was +0.29 points, 95%
CI [0.12,0.47], t(7) = 3.95, p = 0.0056. Thus,
LLMs do show reliable sensitivity to explicit source
reliability in the expanded set. However, the effect
is much smaller than the human source effect of
+1.69 points. Table 2 reports the model-by-model
results for the expanded Turkish uptake evaluation.

Evidential morphology and interaction. The
enlarged item set provides no evidence that LLMs
use the -DI/-mlg contrast as an independent cue for
behavioral uptake. Across models, the mean mor-
phology effect was only 4-0.017 points, 95% CI
[—0.072,0.106], t(7) = 0.45, p = 0.665. The
morphology contrast was also null within each
source condition: within High Trust, -mls exceeded
-DI by only +0.026 points (p = 0.662), and within
Low Trust the difference was only +0.008 points
(p = 0.803). The Source x Evidential interaction
was likewise absent, interaction = +0.017, 95%
CI [-0.106,0.141], ¢(7) = 0.33, p = 0.749.

Calibration and response-style artifacts. Al-
though the source effect is reliable in the ex-
panded set, response-style artifacts remain sub-
stantial. The source effect is positive in all eight
models, but its magnitude varies widely. The

strongest effects appear in GPT-OSS-20B-Astro
(4+0.58), Gemma-2-9B-IT-TR (+0.49), Qwen3-
32B (+0.49), and Gemma-3-27B-IT (40.31),
whereas the weakest effects appear in Magibu-11B-
v0.8 (+0.01), Novus-7B-TR (+40.13), and WiroAl-
TR-8B (4+0.13). Using the 50 scenario sets as
paired items, the source effect is significant for
five models: GPT-OSS-20B-Astro (p = .0011),
Gemma-2-9B-IT-TR (p = .0045), Qwen3-32B
(p < .001), Gemma-3-27B-IT (p = .0228), and
Kizagan-E4B (p = .026). In contrast, Magibu-
11B-v0.8 (p = .965), Novus-7B-TR (p = .593),
and WiroAI-TR-8B (p = .080) do not show reli-
able within-model effects.

Several models are also compressed toward the
high end of the transformed uptake scale: trans-
formed scores of 7 account for 85.3% of Magibu-
11B-v0.8 responses, 83.7% of Novus-7B-TR re-
sponses, and 73.7% of Kizagan-E4B responses.
The cell means show large differences in overall
scale use across models. For example, WiroAl-
TR-8B gives relatively low uptake scores over-
all, with means around 3.79-3.95 across condi-
tions, whereas Novus-7B-TR stays near the high
end, with means around 6.21-6.43. This means
that even when models show a positive High—Low
source effect, their absolute action-readiness rat-
ings are not directly comparable without consider-
ing scale use. The expanded experiment therefore
shows that LLMs encode explicit source reliability
to some extent, but this sensitivity is uneven across
models and remains under-calibrated relative to
humans.

4.2 English LLM hearer-side uptake
evaluation

We next tested whether the uptake pattern general-
izes to English, where the evidential contrast is ex-
pressed lexically rather than morphologically. The
English materials were translated from the Turkish
scenarios by the authors while preserving the same
2 x 2 design: Source Reliability (High Trust vs.
Low Trust) crossed with Evidential Form (regular
tense vs. apparently + tense). The translations were
then independently reviewed by two native speak-
ers of American English for grammaticality, nat-
uralness, clarity, and preservation of the intended
source-reliability contrast. Each item was repeated
three times, yielding 600 experimental responses
per model before exclusions: 150 responses in each
Source x Evidential cell. Fillers were excluded
from all analyses. As in the Turkish uptake analy-
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H--DI H--mls L--DI L--mIs Source eff. Source p Morph. eff.
Gemma-2-9B-IT-TR 4.74 475 427 4.24 +0.49 .0045 -0.01
Gemma-3-27B-IT 5.27 539 5.01 5.02 +0.31 .0228 +0.06
GPT-OSS-20B-Astro  6.08 6.06 543 5.55 +0.58 .0011 +0.05
Kizagan-E4B 6.03 573 5.3 5.63 +0.20 .026 -0.20
Magibu-11B-v0.8 6.00 6.28  6.12 6.15 +0.01 .965 +0.15
Novus-7B-TR 6.37 643 621 6.33 +0.13 .593 +0.09
Qwen3-32B 5.69 571 527 5.15 +0.49 < .001 -0.05
WiroAI-TR-8B 391 395 379 3.81 +0.13 .080 +0.03
Model-level mean 5.51 5,54 523 5.24 +0.29 0056 +0.02

Note. Higher scores indicate stronger behavioral uptake. Source effect is High Trust minus Low Trust. Morphology effect is -mls minus
-DI, collapsed across source conditions. Source p values are scenario-level paired tests within each model. Kizagan-E4B had 597/600 valid
experimental responses; all other models had 600/600. The model-level mean treats model as the unit of generalization.

Table 2: Expanded 200-item LLM hearer-side uptake results. Cell values are mean uptake scores after directional

recoding.

ses, ratings were directionally recoded where nec-
essary so that higher scores consistently indicated
stronger action in accordance with the reported
proposition. The English analysis included eleven
usable models with recoverable numeric responses.

Uptake results. The English experiment showed
statistically reliable but small effects of both source
reliability and lexical evidential marking. Model-
averaged uptake was 5.00 for High-Trust+regular
tense and 4.80 for High-Trust+apparently, com-
pared with 4.74 for Low-Trust+regular tense and
4.55 for Low-Trust+apparently. Thus, High-Trust
sources produced higher action-consistency than
Low-Trust sources, and regular-tense sentences
produced higher action-consistency than sentences
with apparently. However, both effects were small
in magnitude.

Treating model as the unit of generalization,
the mean High—Low source effect was +0.252
points, 95% CI [0.163,0.342], ¢(10) = 6.28,
p < .001. The regular-minus-apparently effect
was also reliable but small, +0.195 points, 95%
CI [0.067,0.323], t(10) = 3.40, p = .0068. The
Source x Evidential interaction was not reliable,
+0.016 points, 95% CI [—0.133,0.165], £(10) =
0.24, p = .819. Thus, unlike the Turkish morphol-
ogy contrast, the English lexical marker apparently
produced a small but reliable reduction in action-
consistency. However, this effect did not depend
on source reliability. Table 3 reports the model-by-
model English uptake results.

Lexical evidential marking and interaction.
The English results differ from the Turkish uptake
results in one respect: the lexical marker apparently

produced a small but statistically reliable reduction
in action-consistency. Across models, regular-tense
items received higher aligned ratings than appar-
ently items by about 0.20 points on the 1-7 scale.
This suggests that models register apparently as a
weak commitment-reducing or action-weakening
cue. However, the effect is modest, and it is not
interactively integrated with source reliability. The
Source x Evidential interaction was close to zero
and not reliable across models, indicating that the
effect of apparently did not robustly depend on
whether the attributed source was high-trust or low-
trust.

Across-item tests yielded the same qualitative
pattern. Averaging over models and treating item as
the unit of analysis, the source effect was reliable,
+0.252 points, 95% CI [0.144,0.360], t(49) =
4.68, p < .001. The regular-minus-apparently
effect was also reliable, +0.195 points, 95% CI
[0.117,0.273], t(49) = 5.05, p < .001. The inter-
action was again absent, +0.016 points, 95% CI
[—0.105,0.136], t(49) = 0.26, p = .794.

Calibration and response-style artifacts. As
in the Turkish LLM uptake experiments, the
English results show detectable source sensitiv-
ity but weak calibration. The source effect is
positive for all eleven usable models, but its
magnitude varies substantially. The strongest
source effects appear in Gemma-3-27B-IT (+0.49),
Gemma-4-E4B-IT (+0.42), Gemma-2-9B-IT-TR
(4+0.33), and Qwen3-32B (+40.32), whereas the
weakest effects appear in Kizagan-E4B, Magibu-
11B-v0.8, and Novus-7B-TR, each around +0.09.
The apparently effect is also model-dependent:
Qwen3-32B, Magibu-11B-v0.8, GPT-OSS-20B-
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H-Reg. H-App. L-Reg. L-App. Sourceeff. Reg. > App. Interaction

Gemma-2-9B-IT 4.45 4.26 4.17 4.01 +0.27 +0.18 +0.03
Gemma-2-9B-IT-TR 4.59 4.45 4.31 4.07 +0.33 +0.19 -0.09
Gemma-4-E4B-IT 5.27 5.24 4.90 4.77 +0.42 +0.08 -0.10
GPT-OSS-20B-Astro 6.01 5.27 5.51 5.41 +0.18 +0.42 +0.63
Kizagan-E4B 6.42 6.37 6.35 6.26 +0.09 +0.07 -0.05
Magibu-11B-v0.8 3.50 3.15 3.52 2.95 +0.09 +0.46 -0.21
Novus-7B-TR 5.03 5.17 491 5.10 +0.09 -0.17 +0.05
Qwen3-32B 5.52 5.14 5.26 4.77 +0.32 +0.44 -0.11
WiroAI-TR-8B 4.29 4.03 4.03 3.82 +0.23 +0.23 +0.05
Gemma-3-27B-IT 5.30 5.13 4.85 4.60 +0.49 +0.21 -0.08
Llama-3.1-8B-Instruct 4.61 4.55 4.33 4.31 +0.26 +0.04 +0.05
Model-level mean 5.00 4.80 4.74 4.55 +0.25 +0.20 +0.02

Note. Higher scores indicate stronger action-consistency after directional recoding. H = High Trust; L = Low Trust; Reg. = regular tense; App. = apparently
+ tense. Source effect is High Trust minus Low Trust, collapsed across evidential form. Reg. > App. is regular tense minus apparently, collapsed across
source condition. The interaction is the difference-of-differences (H-Reg. — H-App.) — (L-Reg. — L-App.). The model-level mean treats model as the unit of

generalization.

Table 3: English LLM hearer-side uptake results across eleven usable models. Cell values are mean aligned

action-consistency scores.

Astro, and WiroAI-TR-8B show clearer regular-
minus-apparently differences, while Llama-3.1-8B-
Instruct shows almost no apparently effect and
Novus-7B-TR shows a small effect in the oppo-
site direction.

Overall, the English evaluation suggests that
LLMs weakly track both explicit source reliability
and English lexical evidential marking. However,
the effects remain small: approximately 0.25 points
for source reliability and 0.20 points for apparently
on a 1-7 scale. Moreover, the absence of an inter-
action suggests that models treat source reliability
and apparently largely as additive cues, rather than
integrating them into a richer pragmatic judgment
about whether information is reliable enough to
guide action.

5 Discussion

This paper introduced a human-grounded evalua-
tion of source-sensitive calibration in LLLMs. The
central question was not whether models can rec-
ognize evidential markers in isolation, but whether
they use information about source reliability to cal-
ibrate action-guiding judgments. Across Turkish
human data, Turkish LLM evaluations, and En-
glish LLM evaluations, the results show a clear
asymmetry: humans strongly adjust uptake accord-
ing to source reliability in Turkish, whereas LLMs
show only weak, uneven, and model-dependent cal-
ibration. The main contribution is therefore both
empirical and methodological. Empirically, the re-
sults show that current LLMs only partially convert
source information into action-readiness. Method-
ologically, the paper proposes a controlled way to

evaluate whether models distinguish information
that is merely presented from information that is re-
liable enough to guide action. The Turkish human
results establish the strongest baseline for source-
sensitive uptake. Participants were substantially
more willing to act on information attributed to
high-trust sources than to low-trust sources, even
though the propositional content was held constant.
This supports the view that hearers do not treat com-
municated propositions as context-free pieces of
content. Instead, they evaluate information through
epistemic vigilance: who provided the information,
how credible that source is, and whether the evi-
dence is strong enough to support belief or action
(Sperber et al., 2010; Boulat, 2015, 2023). In this
sense, uptake is not simply semantic interpretation.
It is a pragmatic and epistemic judgment about
whether a proposition should guide behavior.

At the same time, evidential morphology did
not independently affect Turkish hearers’ action-
readiness once the source was overtly specified.
Participants gave nearly identical uptake ratings
for -DI and -mls within the same source condi-
tion, suggesting that explicit source reliability was
the dominant cue in this design. Since all criti-
cal items contained attribution frames such as X’e
gore ‘according to X’, hearers primarily relied on
the credibility of the named source rather than on
the -DI/-mls contrast when deciding whether to act.
This result cautions against treating -mls as a sim-
ple marker of low trust or reduced actionability. In
the present data, -mls did not lower uptake relative
to -DI when the same source was explicitly pro-
vided. Instead, action-readiness appears to depend
on how evidential morphology, overt attribution,
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and source credibility jointly determine epistemic
commitment.

More theoretically, this pattern is compatible
with analyses in which Turkish evidentiality con-
tributes more than purely temporal or aspectual
information. Although -mls is historically and se-
mantically related to perfect/anterior aspect, its
interpretation is systematically connected to the
speaker’s evidential basis and epistemic relation to
the proposition (Slobin and Aksu, 1982; Aksu-Kog,
1988). On such an analysis, -mls need not itself
encode that the proposition is unreliable; rather, it
can constrain the type or accessibility of evidence
on which commitment to the proposition is based.
The reliability of that evidence can then be sup-
plied by the discourse context and, in the present
experiment, by the explicitly named source. The
absence of a morphology effect once source iden-
tity is fixed is therefore not evidence that eviden-
tial morphology is semantically vacuous. Instead,
it suggests that evidential marking and source re-
liability contribute at different levels: evidential
morphology characterizes the evidential or modal
basis for the proposition, whereas contextual in-
formation determines the quality of that basis and
consequently the degree of uptake. This division
of labor is more naturally compatible with eviden-
tial/modal accounts of Turkish -mls than with a
view in which its contribution is exhausted by ante-
rior aspect alone, and it aligns with commitment-
and veridicality-based approaches in which eviden-
tial expressions regulate the speaker’s epistemic
relation to p (Giannakidou and Mari, 2021, 2024;
Boscaro et al., 2025; Giannakidou and Mari, 2026).
At the same time, because the present experiment
was not designed to directly contrast modal and as-
pectual semantic analyses, this conclusion should
be understood as a theoretical implication of the
pattern rather than as decisive evidence against an
anterior-based account.

The Turkish LLM results show partial cue sen-
sitivity but weak calibration. In the expanded 200-
item evaluation, the models showed a reliable High-
Trust versus Low-Trust effect, indicating that they
are not completely blind to explicit source relia-
bility. However, the effect was much smaller than
the human effect and varied substantially across
models. Several models also showed response-
scale compression, assigning high action-readiness
even to low-trust information. This pattern sug-
gests that models can often detect source-reliability
cues at a surface level, but do not reliably trans-

late those cues into appropriately cautious action-
guiding judgments. In other words, the models
exhibit some source sensitivity, but not human-like
source-sensitive calibration.

This distinction between cue sensitivity and cali-
bration is central to the methodology. A model may
produce slightly lower ratings for low-trust sources
and still remain poorly calibrated if its absolute
ratings are too high, if its source effect is small rela-
tive to humans, or if its responses are dominated by
scale-use artifacts. The relevant failure is therefore
not simply failure to notice the source phrase. It is
failure to adjust downstream commitment strongly
enough. This matters for LLM evaluation because
many applications require models to decide how
much weight to place on source-dependent infor-
mation. In summarization, question answering,
recommendation, tool use, and decision support,
the risk is not only that a model may produce false
content, but that it may treat weakly grounded in-
formation as action-worthy (Kadavath et al., 2022;
Pan et al., 2024; Hwang et al., 2025; Kim et al.,
2024; Steyvers et al., 2025).

The English results extend this conclusion to
a typologically different evidential system. Un-
like Turkish, English does not encode the -DI/-
mls contrast in verbal morphology. The En-
glish version therefore tested whether models
are sensitive to source reliability when eviden-
tial meaning is expressed lexically through appar-
ently. The models showed a small but reliable
source-reliability effect, and they also assigned
slightly lower action-consistency ratings to sen-
tences with apparently than to regular-tense sen-
tences. This suggests that models represent appar-
ently as a weak commitment-reducing or action-
weakening cue. However, the effect was small,
and the Source x Evidential interaction was not
reliable. Thus, models did not robustly integrate
lexical evidential marking with source reliability.
They treated source type and apparently largely as
additive cues, rather than combining them into a
richer pragmatic judgment about whether the infor-
mation was reliable enough to guide action.

The Turkish—-English comparison clarifies what
the benchmark may reveal. In Turkish, explicit
source reliability dominates uptake, while the -DI/-
mls contrast contributes little once the source is
overtly specified. In English, apparently produces a
small independent reduction in action-consistency,
but this effect does not depend on whether the
source is high-trust or low-trust. This contrast sug-
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gests that the action-guiding force of evidential
marking depends partly on how evidential mean-
ing is encoded. A grammatical evidential such as
-mls may not independently reduce uptake when
an attribution phrase already specifies the source.
A lexical marker such as apparently, by contrast,
may more transparently signal reduced certainty
or weaker speaker commitment. Yet in both lan-
guages, the absence of a robust interaction suggests
that LLMs do not fully integrate source reliabil-
ity and evidential form in a human-like pragmatic
model of uptake.

This methodology also separates shallow recog-
nition from action-relevant use, thereby aligning
with the broader goal of rethinking progress and
evaluation in NLP. The benchmark evaluates not
only task performance, but also whether models
generalize in a trustworthy and action-relevant way
when the same information is attributed to sources
of different reliability. A model may recognize
that an unofficial social media account is less re-
liable than an institutional source, but the crucial
question is whether this recognition changes how
strongly the model treats the proposition as action-
worthy. This distinction is difficult to observe in
standard accuracy-based benchmarks, where the
model’s task is usually to select or generate a con-
tentful answer. In contrast, the present task asks
whether the same content receives different degrees
of uptake depending on its source. This makes
source-sensitive calibration directly measurable.

The framework is also portable. Turkish pro-
vides a morphologically explicit test case through
the -DI/-mls contrast, while English provides a
lexically marked comparison through apparently.
Other languages and evidential systems could be
tested using the same logic: hold propositional con-
tent constant, manipulate source reliability and evi-
dential marking, and measure whether humans and
models adjust action-readiness accordingly. This
makes the benchmark useful not only for Turkish or
English, but for broader multilingual evaluation of
uncertainty, evidentiality, and pragmatic reasoning.

More broadly, this work contributes to human-
grounded NLP evaluation by comparing model
behavior against a human baseline for source-
sensitive uptake. Instead of evaluating model out-
puts in isolation, we ask whether LLMs use infor-
mation about the source in ways that meaningfully
affect belief, recommendation, and action. This
provides a useful perspective for evaluating reason-
ing under uncertainty, factuality, and trustworthi-

ness.

The theoretical contribution is to connect evi-
dentiality, source credibility, and action-guiding
commitment in a single evaluation framework. The
results show that source-grounded reasoning is not
merely recognizing evidential markers or attribu-
tion phrases, but using source information to cali-
brate how strongly a proposition should guide be-
havior. Humans show robust source-sensitive up-
take, whereas LLMs show weak and uneven cali-
bration. They often register that not all evidence is
equal, but do not reliably translate this into human-
like judgments about when information is reliable
enough to act on.

6 Conclusion

This paper evaluated source-sensitive calibration
in humans and LLMs across Turkish and English
through hearer-side uptake and action-readiness
judgments. The human results show robust source
sensitivity: Turkish speakers are substantially more
willing to act on information attributed to high-
trust sources than to low-trust sources. At the same
time, Turkish evidential morphology does not in-
dependently modulate uptake once the source is
overtly specified. LLMs show weaker and less
stable calibration. In Turkish, models partially
register explicit source reliability, but the effect
is much smaller than in humans and there is no
reliable effect of the -DI/-mlg contrast. In English,
models show small effects of both source relia-
bility and apparently, but no reliable interaction
between them. To summarize, the results show that
source-grounded reasoning should be evaluated as
a calibration problem, not only as an accuracy or
marker-recognition problem. Models used for de-
cision support must distinguish information that is
merely available from information that is reliable
enough to guide action.

Limitations

This study has four limitations. First, all critical
items include explicit source phrases. This design
isolates source reliability, but may reduce the inde-
pendent contribution of evidential morphology in
Turkish; future work should test morphology-only
contexts and contexts where the source is inferred
rather than overtly named. Second, uptake is mea-
sured through final 1-7 action-readiness ratings,
which capture decision outcomes but not the online
process of source integration. Future work could
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combine this paradigm with reaction times, eye-
tracking, or process-level measures. In addition,
the human baseline is currently limited to Turkish.
The English evaluation tests LLMs on translated
materials, but does not include an English human
comparison group. Future work should collect En-
glish human uptake judgments to test whether the
small apparently effect observed in models corre-
sponds to human pragmatic behavior. Finally, the
LLM results are limited to the models tested here.
As multilingual and Turkish-capable models im-
prove, the benchmark should be rerun. At the same
time, response-format failures, ceiling effects, and
scale compression are themselves informative ev-
idence of weak calibration, since they show that
some models struggle to use rating scales in ways
that support reliable source-sensitive evaluation.

Ethical Considerations

The human experiment received approval from the
University of Chicago Institutional Review Board
(IRB26-0198) prior to data collection. Participants
were adult native speakers of Turkish and com-
pleted the study online after providing informed
consent. The task involved ordinary language judg-
ments about source reliability and action-readiness;
it did not ask participants to disclose sensitive per-
sonal information. Responses were analyzed in
aggregate, and no personally identifying informa-
tion is reported. Participation was voluntary, and
participants were compensated for their time.

The LLM evaluations use constructed stim-
uli rather than real user data. The benchmark
is intended to evaluate source-sensitive calibra-
tion, not to provide deployment-ready judgments
about whether specific real-world claims should be
trusted or acted upon. Because source labels such
as institutional, expert, informal, or unofficial can
reflect social and cultural assumptions, future ver-
sions of the benchmark should test a wider range
of sources, domains, and participant populations to
avoid overgeneralizing from the present materials.
Before release, the dataset was checked to ensure
that it does not contain names, contact information,
or other personally identifying information. The
materials consist of constructed experimental stim-
uli about ordinary source-reliability scenarios and
were also checked for offensive or harmful content.
Human responses are reported only in aggregate.

The released artifacts, including constructed
stimuli and prompts, are provided for research and

evaluation purposes. The data and evaluation ma-
terials are released under a CC BY-NC 4.0 license.
These artifacts are intended to support reproducibil-
ity and further research on source-sensitive calibra-
tion, and should not be used as a deployment-ready
tool for deciding whether real-world claims should
be trusted or acted upon.

Al assistance was used for language-level sup-
port, including spell checking, wording sugges-
tions, and troubleshooting LaTeX issues. All sci-
entific content, experimental design, analyses, in-
terpretations, and final writing decisions were re-
viewed and verified by the authors.
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A High- and Low-Trust Evidence

Contexts
Condition Sentence and question
High Trust + - Kurumun resmi sayfasina gore dersler ip-
DI tal edildi.
Bu habere gore derse gitme ihtimaliniz
nedir? (1-7)
High Trust + - Kurumun resmi sayfasina gore dersler ip-
mlg tal edilmis.
Bu habere gore derse gitme ihtimaliniz
nedir? (1-7)
Low Trust + - Resmi olmayan bir sosyal medya
DI hesabina gore dersler iptal edildi.
Bu habere gore derse gitme ihtimaliniz
nedir? (1-7)
Low Trust + - Resmi olmayan bir sosyal medya
mlg hesabina gore dersler iptal edilmis.

Bu habere gore derse gitme ihtimaliniz
nedir? (1-7)

Table 4: Turkish source-reliability contrast.

Condition

Sentence and question

High Trust +
simple form

High Trust +
apparently

Low Trust +
simple form

Low Trust +
apparently

According to the institution’s official
page, classes were cancelled.

According to this news, how likely are you
to go to class? (1-7)

According to the institution’s official
page, apparently, classes were cancelled.
According to this news, how likely are you
to go to class? (1-7)

According to an unofficial social media
account, classes were cancelled.
According to this news, how likely are you
to go to class? (1-7)

According to an unofficial social media
account, apparently, classes were can-
celled.

According to this news, how likely are you
to go to class? (1-7)

Table 5: English source-reliability contrast.
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B Robustness checks and reaction times
for the human hearer-side uptake
experiment

Robustness checks and reaction times. The
source-reliability effect remained robust in non-
parametric and scenario-level analyses. A
Wilcoxon test confirmed the effect (p = 1.03 x
10~19), and the scenario-level High-Low differ-
ence was 1.69 points across the 10 scenarios,
t(9) = 17.61, p = 2.78 x 1078, Neither the evi-
dential morphology effect nor the interaction was
reliable across scenarios.

Response-time analyses provided weaker ev-
idence. Low-Trust contexts were numerically
slower than High-Trust contexts, but after control-
ling for sentence word count, the effect was only
marginal: approximately 5.8% slower, p = 0.083.
Sentence length reliably predicted RT, whereas ev-
idential morphology and the interaction did not.
Thus, the rating data provide strong evidence for
source-sensitive uptake, while the RT data provide
only suggestive evidence for increased deliberation
in Low-Trust contexts. Overall, Turkish hearers
strongly use explicit source reliability when con-
verting linguistic information into action-guiding
judgments, while the -DI vs. -mls contrast does not
independently modulate uptake once the source is
overtly specified.
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C Models

The models evaluated in this study consist of
Turkish-focused, Turkish-adapted, and general-
purpose multilingual large language models. Be-
cause the Turkish and English uptake evaluations
include partially overlapping model sets, we report
them separately below.

Models used in the Turkish uptake evaluations.
The Turkish hearer-side uptake experiments in-
cluded the following eight models:

¢ Gemma-2-9B-IT-TR (neuralwork)

¢ Gemma-3-27B-IT (Team et al., 2025)

GPT-OSS-20B-Astro (ocaklisemih)

Kizagan-E4B (Kiraz, 2026)

Magibu-11B-v0.8 (Bayram, 2025)

Novus-7B-TR (NovusResearch)
* Qwen3-32B (Yang et al., 2025)

¢ WiroAI-TR-8B (Bezir et al., 2024)

Models used in the English translated uptake
evaluation. The English translated uptake exper-
iment included eleven usable models:

¢ Gemma-2-9B-IT (Team et al., 2024)
* Gemma-2-9B-IT-TR (neuralwork)

¢ Gemma-4-E4B-IT (Team et al., 2026)

GPT-0OSS-20B-Astro (ocaklisemih)

* Kizagan-E4B (Kiraz, 2026)

Magibu-11B-v0.8 (Bayram, 2025)

Novus-7B-TR (NovusResearch)

* Qwen3-32B (Yang et al., 2025)

¢ WiroAI-TR-8B (Bezir et al., 2024)

¢ Gemma-3-27B-IT (Team et al., 2025)

e Llama-3.1-8B-Instruct (Grattafiori et al.,
2024)

Model grouping. For the Turkish experiments,
we prioritized Turkish-focused or Turkish-adapted
models, including Gemma-2-9B-IT-TR (neu-
ralwork), GPT-OSS-20B-Astro (ocaklisemih),
Kizagan-E4B (Kiraz, 2026), Magibu-11B-v0.8
(Bayram, 2025), Novus-7B-TR (NovusResearch),
and WiroAI-TR-8B (Bezir et al., 2024), while
Gemma-3-27B-IT (Team et al., 2025) and Qwen3-
32B (Yang et al., 2025) provide general-purpose
multilingual comparison points. This selection em-
phasizes models expected to have strong Turkish
capabilities, which is important for sensitivity to
Turkish source expressions and evidential morphol-
ogy.

For the English evaluation, we retained the
Turkish-oriented models and expanded the model
set with general-purpose multilingual models
and counterparts where available. In particular,
Gemma-2-9B-IT (Team et al., 2024) was included
alongside the Turkish-adapted Gemma-2-9B-IT-
TR (neuralwork), together with Gemma-4-E4B-
IT (Team et al., 2026) and Llama-3.1-8B-Instruct
(Grattafiori et al., 2024). This broader set provides
a comparison between language-adapted and more
general model variants.

Computational budget. All model evaluations
were run in Google Colab using a G4 GPU run-
time. Runtime varied across models. The shortest
runtime was observed for Llama-3.1-8B-Instruct,
which completed in approximately 33 seconds.
The longest runtime was observed for Qwen3-32B,
which completed in approximately 21 minutes and
35 seconds. The remaining models completed
within this runtime range.
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D Prompt for the LLM Hearer-Side
Uptake Experiment (3 runs)

Sana bazi ciimleler verilecektir.

Her ctimleden sonra, o ciimleyle ilgili bir soru gore-
ceksin.

Gorevin, verilen soruya gore 1 ile 7 arasinda bir deger-
lendirme yapmaktir.

1 = cok diisiik

7 = ¢ok yiiksek

Cimle: “{cumle}”

Soru: {soru}

Sadece 1 ile 7 arasinda tek bir say1 ver.

SADECE CEVAP URET VE ACIKLAMA ASLA
YAPMA. SORUYU TEKRAR ETME.

Cevap:

Figure 2: Turkish prompt template used in the LLM

hearer-side uptake experiment.

You will be given some sentences.

After each sentence, you will see a question related to
that sentence.

Your task is to give a rating between 1 and 7 according
to the question.

1 = very low

7 = very high

Sentence: “{sentence}”

Question: {question}

Give only a single number between 1 and 7.

PRODUCE ONLY THE ANSWER. NEVER GIVE
AN EXPLANATION. DO NOT REPEAT THE QUES-
TION.

Answer:

Figure 3: English prompt template used in the LLM

hearer-side uptake experiment.
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E Model-by-model LLM uptake results

Table 6 reports the model-by-model hearer-side
uptake results for the eight included LLMs.

Table 6: LLM hearer-side uptake results across eight
models. Source effect is High Trust minus Low Trust.
Morphology effect is -mls minus -DI, collapsed across
source conditions.

Model Valid Source p Morph.

Gemma-2-9B-IT-TR  120/120 +1.27 < .001 -0.07
Gemma-3-27B-IT 120/120 +0.48 < .001 -0.12
GPT-OSS-20B-Astro  120/120  +0.32 .002  +0.15

Novus-7B-TR 120/120  +0.08 .858  +0.48
Qwen3-32B 120/120  +0.53 .001 -0.13
WiroAI-TR-8B 120/120  +0.05 .568 -0.02
Magibu-11B-v0.8 120/120  +0.00 - +0.00

Kizagan-E4B-TR 118/120  +0.09 .505 -0.12

Model-level mean - +0.35 .051 +0.02

Note. Higher scores indicate stronger behavioral uptake.
Source p values are item/round-level tests within each model.
The model-level mean tests whether the effect generalizes
across the eight included models. Magibu-11B-v0.8 pro-
duced maximal transformed uptake across all conditions,
leaving no meaningful within-model variance for a sig-
nificance test. Kizagan-E4B-Turkish-Reasoning produced
mostly raw 7 responses, so its results should be interpreted
cautiously as evidence of poor response-scale calibration
rather than genuine source-sensitive uptake.
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F Instructions for Human Participants in
the Hearer-Side Uptake Experiment

The experiment was administered in Turkish.
Screenshots of the original Turkish instructions and
items are provided in the supplementary materials.
For readability, we provide English translations of
the participant-facing instructions below.

F.1 Consent and General Information

Thank you in advance for your participation and
interest in this study!

This study is part of a research project conducted
by the researchers listed below.

¢ Researchers:
Simsek]

[Sercan Karakas and Yusuf

e Institutions: [The University of Chicago and
Firat University]

If you would like to contact the research team,
you can reach us at the email addresses listed
above.

This study takes approximately 15-20 minutes
to complete when done carefully and without in-
terruption. Before the study begins, you will be
asked to read the instructions and answer example
questions. Participation is entirely voluntary.

To prevent bot use and multiple submissions in
online experiments, participation may be consid-
ered invalid if a response appears to have been gen-
erated by a bot, for example, if the task does not
seem to have been understood or if it is completed
unusually quickly.

To continue, please click the “Next” button be-
low.

F.2 Demographic Information
Please fill in the following information:

* First name:

e Last name:

* Age:

* Is your native language Turkish?
* Gender:

¢ Education level:

For questions with a drop-down menu, partici-
pants selected the appropriate response from the
available options.

To continue, please click the “Next” button be-
low.

F.3 Task Instructions

In this experiment, you will be shown several sen-
tences.

After each sentence, you will see a question re-
lated to that sentence.

Your task is to provide a rating from 1 to 7 based
on the question.

You will make your selections by clicking the
numbered boxes.

* 1 =Ido not trust it at all / very low
* 7=1completely trust it / very high

You will first see a few practice questions. After
that, the main experiment will begin.
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G Participant-facing instruction screens

pragress

Bu dencyde size bazi comleler gosterilecckti.

Her ciimleden sonra, o ctimleyle ilgili bir soru géreceksiniz.

Goreviniz, verilen soruya gore 1 ile 7 arasimda bir degerlendirme yapmakir
Segimlerinizi sumaralt kutulara tiklayarak vapacaksinzz.

1= hic gtivenmiyorum / cok disiik
7 = tamamen giiveniyorum / gok yiiksck

Once birkag alistrma sorusu goreceksiniz. Ardindan asil dency baslayacakir

[ Alistmalara Geg |

Figure 4: Instruction screen shown to participants before
the human uptake experiment.

progress

"Kalabalik ortamlarda bulunmak bazi insanlar igin
yorucu olabilir."

Bu ifadeye gore kalabalik ortamlardan kaginma ihtimaliniz
nedir? (1-7)
1= ok dilsiik ihtimal 7 = cok yiiksek ihtimal

Figure 5: Example practice trial shown before the main
experiment.

progress

Ahstirmalar tamamlandi!

Simdi asil deney kismina geciyoruz.
Bu bolimde yanitlariniz kayit altina alinacaktir.

Hazirsaniz 'Basla’ tusuna basin.

[ Bagla |

Figure 6: Transition screen shown after the practice
trials and before the main experiment.
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