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Abstract
This paper investigates whether source trustworthiness shapes Turkish evidential morphology and whether large
language models (LLMSs) track this sensitivity. We study the past-domain contrast between -DI and -mls in controlled
cloze contexts where the information source is overtly external, while only its perceived reliability is manipulated
(High-Trust vs. Low-Trust). In 2 human production experiment, native speakers of Turkish show a robust trust effect:
High-Trust contexts yield relatively more -DI, whereas Low-Trust contexts yield relatively more -mlg, with the pattern
remaining stable across sensitivity analyses. We then evaluate 10 LLMs in three prompting paradigms (open gap-fill,
explicit past-tense gap-fill, and forced-choice A/B selection). LLM behavior is highly model- and prompt-dependent:
some models show weak or local trust-consistent shifts, but effects are generally unstable, often reversed, and
frequently overshadowed by output-compliance problems and strong base-rate suffix preferences. The results
provide new evidence for a trust-/commitment-based account of Turkish evidentiality and reveal a clear human—LLM

gap in source-sensitive evidential reasoning.
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1. Introduction

Evidentiality refers to the linguistic encoding of infor-
mation source, that is, how a speaker indicates the
basis on which a proposition is presented (e.g., di-
rect perception, inference, or report) (Willett, 1988;
Dendale and Tasmowski, 2001; de Haan, 2001;
Plungian, 2001; Aikhenvald, 2004; Boye, 2012;
Unal and Papafragou, 2020). In many languages,
evidential markers systematically signal whether
the speaker witnessed an event, inferred it from
available evidence, or learned it from someone else.
Because evidentiality lies at the interface of seman-
tics, pragmatics, and discourse, it has been central
to research on speaker commitment, reliability, and
perspective in natural language.

A useful perspective on evidentiality comes from
language acquisition and “thinking for speaking”:
as children learn a language, they learn to attend
to distinctions that the language regularly encodes
(Brown and Lenneberg, 1954; Slobin, 1996). In
evidential languages, this can make knowledge
source (e.g., direct experience, inference, report)
especially salient early on, since speakers must
repeatedly track and express it in discourse. For
Turkish, this suggests that evidential morphology
is not just grammatical, but part of a broader cogni-
tive routine linking source monitoring, memory, and
speaker stance (Aksu-Kog and Slobin, 1986). Turk-
ish offers a particularly important case for eviden-
tiality research because past-domain morphology
is closely tied to distinctions in information source
and epistemic stance (Aksu-Kog¢ and Slobin, 1986;
Underhill, 1976; Johanson, 2003; Goksel and Ker-
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Figure 1: Information-source marking, adapted
from typological overviews of evidential systems
(Willett, 1988; Aikhenvald, 2004).

slake, 2005; Kornfilt, 1997). A well-known contrast
is between the suffix -DI, traditionally associated
with direct evidence or stronger speaker commit-
ment, and the suffix -m/g, which is commonly as-
sociated with indirect evidence, such as inference
or report (Aksu-Kog and Slobin, 1986; Underhill,
1976; Johanson, 2003; Giil, 2009; Sener, 2011;
Goksel and Kerslake, 2005).

A minimal illustration is given in (1)—(2): in (1),
the use of -DI is classically associated with a con-
text in which the speaker directly witnessed the
event, whereas in (2), the use of -mls suggests
that the speaker did not directly witness the event
but instead inferred it or learned it from another
source. At the same time, a substantial body of
work notes that the actual distribution and inter-
pretation of these forms are sensitive to discourse
context, information structure, and speaker stance,
so the traditional labels are best understood as
useful descriptive generalizations rather than rigid
one-to-one mappings between form and meaning
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(Gul, 2009; Sener, 2011).

(1)  Ahmet Ali’yi gér-di.
Ahmet Ali-Acc see-PST.DIR
‘Ahmet saw Ali (witnessed/direct evidence).’

(2) Ahmet Ali'yi gér-mas.
Ahmet Ali-Acc see-PST.INDIR
‘Ahmet apparently/reportedly saw Ali (hearsay/infer-
ence).’

The -DI/-mls contrast offers a well-studied case
for investigating how languages encode information
source, speaker stance, and pragmatic inference
(Aksu-Kog and Slobin, 1986; Johanson, 2003; Gok-
sel and Kerslake, 2005; Gul, 2009; Sener, 2011;
Kandemirci et al., 2023; Ataman-Devrim et al.,
2025), and it is also central to developmental work
on how children learn to track and express knowl-
edge source in discourse (Aksu-Kog and Slobin,
1986; Slobin, 1996). In addition, evidential distinc-
tions are highly relevant for NLP tasks such as
translation, summarization, and source-sensitive
interpretation.

1.1. Why evidentiality matters for LLM
research?

Evidentiality is also increasingly relevant to LLM
research, because many of the core reliability prob-
lems in modern text generation are, in effect, prob-
lems about source status: whether a claim is
grounded in direct input evidence, retrieved doc-
uments, parametric memory, inference, or unsup-
ported generation. Recent work on factuality and
hallucination has shown that fluent model outputs
may be unfaithful to available evidence or false in
world knowledge terms, motivating finer-grained
analyses of how models represent and communi-
cate the basis of their claims (Maynez et al., 2020;
Lin et al., 2022; Manakul et al., 2023; Min et al.,
2023; Bang et al., 2025; Liu et al., 2026). In parallel,
work on calibration and self-evaluation suggests
that models can sometimes track uncertainty or
answerability, but this ability is uneven and sensi-
tive to task format and available context (Kadavath
et al., 2022). At the same time, frontier and open
models are improving rapidly in reasoning, long-
context processing, multilinguality, and agentic per-
formance, as reflected in recent reports (Singh
et al., 2025; Yang et al., 2025). These gains make
source-sensitive evaluation more, not less, impor-
tant: as models become stronger and more fluent,
the central question is increasingly not only whether
they can produce plausible language, but whether
they can reliably represent the evidential basis of
what they say.

From this perspective, evidentiality offers a lin-
guistically grounded framework for studying how
systems encode (or fail to encode) distinctions

among witnessed, inferred, and reported informa-
tion. This is especially important in settings that
explicitly require provenance, such as retrieval-
augmented generation and citation-based QA,
where models must connect claims to supporting
evidence and where attribution quality itself has be-
come a major evaluation target (Lewis et al., 2020;
Nakano et al., 2022; Gao et al., 2023; Li et al., 2024).
More broadly, evidential categories provide a prin-
cipled way to ask whether LLMs merely optimize
surface plausibility or whether they track source-
sensitive epistemic distinctions that are central to
human communication. Besides, this line of work
is also important because direct human—-LLM com-
parisons for Turkish remain relatively scarce, espe-
cially for source-sensitive semantic/pragmatic phe-
nomena such as evidentiality. Much of the recent
Turkish LLM literature has focused on model de-
velopment, benchmarking, and engineering issues
(Bayram et al., 2025; Er et al., 2025; Isbarov et al.,
2025; Umutlu et al., 2025; Wicaksono et al., 2025;
Bayram et al., 2026; Karakas and Simsek, 2026;
Toraman et al., 2026; Ugur et al., 2026), rather
than tightly controlled comparisons between hu-
man judgments and model preferences on linguisti-
cally targeted contrasts. Emerging Turkish-focused
human-LLM studies suggest that such compar-
isons can reveal substantial mismatches between
surface-form preferences and human-like contex-
tual reasoning in several linguistic domains (Keles
and Dincgtopal Deniz, 2024, 2025; Karakas, 2026).

2. Related Work

Turkish evidentiality: traditional descriptive
and grammatical accounts. Turkish has long
occupied a central place in the evidentiality lit-
erature because its past-domain morphology is
closely tied to distinctions in information source
and speaker stance (Underhill, 1976; Aksu-Kog
and Slobin, 1986; Johanson, 2003; Kornfilt, 1997;
Goksel and Kerslake, 2005). A traditional descrip-
tive contrast distinguishes -DI and -mls: -DlI is of-
ten introduced as the form associated with direct
evidence (or stronger speaker commitment), while
-mlg is associated with indirect evidence, especially
inferential and reportative uses (Underhill, 1976;
Johanson, 2003; Goksel and Kerslake, 2005; Aksu-
Ko¢ and Slobin, 1986). This contrast has also been
influential in acquisition and discourse-based work,
where Turkish evidential morphology is treated as
a system that helps speakers track and communi-
cate how information was obtained (Aksu-Ko¢ and
Slobin, 1986).

At the same time, the Turkish literature shows
that the traditional mapping is not a simple one-
to-one encoding. A central debate is whether -
DI is a true direct evidential, or primarily a past
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tense form whose “directness” and stronger com-
mitment effects arise through discourse-pragmatic
inference in canonical contexts (Gil, 2009; Sener,
2011). Likewise, analyses of -mls emphasize sen-
sitivity to evidential source, discourse configura-
tion, and speaker perspective, rather than a single
fixed meaning (Gul, 2009; Johanson, 2003). For
this reason, recent work often treats direct/indirect
as useful descriptive labels while allowing context-
sensitive meaning and pragmatic strengthening.

For the present study, we adopt Giannakidou
and Mari’s framework on veridicality, nonveridical-
ity, commitment, and evidential bias (Giannakidou,
1998, 2006; Giannakidou and Mari, 2016, 2018,
2021). This framework is useful because it sep-
arates notions often conflated in evidentiality re-
search: (i) information source, (ii) speaker com-
mitment, and (iii) the structure of the speaker’s in-
formation state. It also motivates treating source
trustworthiness as a factor shaping evidential inter-
pretation and commitment (Boscaro et al., 2025).

Let M = M;(w,t) be speaker i’s information
state at world w and time ¢. A compact way to en-
code the relevant distinction is to contrast veridical
and nonveridical states:

(3) VERIDICAL ) (p) iff all worlds in M are p-
worlds: Yw € M [p(w)].

(4) NONVERIDICAL s (p) iff M contains both a p-
world and a —p-world: 3w € M [p(w)] and
Jv € M [-p(v)].

The formula in (3) states that the speaker’s informa-
tion state supports only p-worlds (full support for p),
while the formula in (4) states that the information
state remains compatible with both p and —p pos-
sibilities. In this perspective, evidential and modal
expressions can encode an evidence-based bias
toward p without requiring full veridical commitment.

This distinction is useful for Turkish evidentiality
because it allows us to ask not only which source
type is invoked, but also whether that source is
treated as strong enough to support a more veridi-
cal commitment profile. In our trust-based design,
source trustworthiness is therefore modeled as a
factor that can shift speakers between stronger
commitment and weaker, evidence-biased interpre-
tations, rather than as a purely descriptive source
label.

3. Methods

To examine how Turkish evidential morphology re-
sponds to contextual trustworthiness, we used two
complementary experimental paradigms with two
corresponding datasets. First, we designed a con-
trolled cloze-style task that can be administered to
both human participants and LLMs. Second, we
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constructed a larger dataset for LLM-only evalua-
tion in order to test generalization over a broader
set of contexts. In all tasks, the target is a cloze (fill-
in-the-blank) completion: participants or models
infer and produce the missing final word of a sen-
tence from the preceding context. This shared for-
mat provides a direct measure of context-sensitive
morphological preferences in production and en-
ables human-model comparison within a single
task setup.

3.1. Dataset 1 for Human and LLM
Comparison

Dataset 1 consists of 60 original items, partitioned
into three categories: high-trust, low-trust, and filler
sentences. All items were manually authored by
the researchers. High-trust sources correspond
to announcement channels that are generally con-
sidered reliable in everyday life, whereas low-trust
sources typically consist of channels that are dif-
ficult to trust. These sources are provided in Ap-
pendix A. During construction, we aimed to make
the target completion as uniquely and unambigu-
ously recoverable as possible, thereby minimizing
cases with multiple equally plausible completions,
while also balancing potential confounds such as
lexical frequency and sentence length across con-
ditions. In the cloze task, participants were asked
to complete the final blank with the most natural
and contextually appropriate continuation.

(5) Belediyenin SMS uyarisina gore sular .......
‘According to the municipality’s SMS alert, the
water ........ ’

(6) Yan binadaki teyzenin dedigine gére sular .......
‘According to the lady next door, the water ....... ’

Across conditions, the source of information is
kept overtly external through explicit attribution
frames (e.g., X’e gdre ‘according to X’; cf. (5)—(6)).
The manipulation targets the perceived reliability
of that external source: High-Trust items present
the proposition as coming from institutionally au-
thoritative channels (e.g., an official municipal SMS
notification), whereas Low-Trust items present it as
coming from informal or weakly accountable chan-
nels (e.g., a statement by a neighbor). To verify that
this manipulation isolates trust rather than idiosyn-
cratic item properties, we ran a separate norming
study with a broad participant pool. Participants
consistently rated High-Trust sources as more cred-
ible than Low-Trust sources, and items that failed
to show the intended separation were revised or
removed.



3.2. Dataset 2 for LLM-Only Evaluation

Dataset 2 is an expanded item set containing all
experimental items from Dataset 1 together with
additional items, and was designed exclusively for
large language model evaluation. It preserves the
same structural properties and manipulation logic
as Dataset 1, while increasing coverage and statis-
tical stability by substantially expanding the number
of scenarios and lexical realizations. The expanded
set contains 200 items in total. Dataset 2 was not
administered to human participants; instead, it was
designed to test model behavior on a broader item
base without increasing participant burden, and to
assess whether patterns observed in the human-
scale dataset replicate and generalize when the
trust manipulation is instantiated across a wider
range of contexts.

4. Experiments

4.1.

The human experiment received prior approval
from the University of Chicago Institutional Review
Board (IRB26-0198). All participants provided in-
formed consent before participation. We recruited
75 unique participants who self-identified as native
speakers of Turkish, were at least 18 years old,
and were residing in Turkey at the time of participa-
tion. The experiment was implemented and admin-
istered online using the PCIBEX/PENNCONTROLLER
platform (Zehr and Schwarz, 2018). The main study
produced 4,500 trials in total: 1,500 High-Trust tri-
als, 1,500 Low-Trust trials, and 1,500 filler trials. For
each trial, we recorded the participant’s completion
response. Our primary analyses target the critical
High-Trust vs. Low-Trust contrast, so we analyze
3,000 trials after excluding fillers. All responses
were analyzed in de-identified form. This balanced
design allows a controlled test of how the trust ma-
nipulation affects production preferences.

Human Experiment

4.2. LLM Experiments

In this study, LLMs were tested using two differ-
ent datasets and ten models (Team et al., 2025;
neuralwork; NovusResearch; mradermacher; Yang
et al., 2025; Trendyol; TURKCELL; Bezir et al.,
2024; ocaklisemih; cenkersisman). and three
prompts.The models evaluated in this study consist
of Turkish-focused and multilingual large language
models. gpt2-turkish-10M, WiroAl-turkish-LLM-8B,
Turkcell-LLM-7B, Trendyol-LLM-7B, Gemma-2-9B-
IT-TR, and Novus-7B-TR are models that have been
either directly trained on Turkish or fine-tuned with
Turkish data. In contrast, Gemma-3 and Qwen3-
32B are trained on large-scale multilingual data
and are capable of processing Turkish through their

multilingual capacities. Some models, on the other
hand, are built on a multilingual foundation and
later fine-tuned with Turkish instruction data. This
diversity allows us to compare the effects of Turkish-
focused and multilingual training approaches on
sensitivity to evidentiality morphology. During the
study, the models were asked to fill in the blank for-
mat that was created (5)—(6). Three prompts were
used to perform this task; these prompts are given
in Appendix B. While the models were expected
to generate the word in the space indicated by the
space in the first two prompts, in the third prompt
two different words were given as options, one of
which is the word conjugated with "-DI" (7), and the
other is the word conjugated with "-mls" (8). In the
third prompt, the models were expected to choose
the most appropriate word between these two op-
tions according to the flow of the sentence. While
generating the model outputs, the temperature was
set to 0.1 and the top-p to 1; an additional max
token setting of 8 was added to the third prompt.

(7) Getir-il-di
bring-PASS-PST.DIR
‘was brought (-DI form)’

(8) Getir-il-mig
bring-PASS-PST.INDIR
‘apparently/ reportedly was brought (-mls form)’

5. Human experiment results

5.1. Production: trust robustly shifts -D/
vs. -mls

Table 1 shows strict-coding counts for critical tri-
als (High+Low; fillers excluded). Descriptively,
High-trust contexts produce more DI completions,
whereas Low-trust contexts produce more mls com-
pletions. The OTHER category is similar across
conditions (High: 28.4%; Low: 29.5%), suggesting
that the trust manipulation primarily redistributes
responses within the evidential morphology space
rather than increasing off-target productions.

Other

426 (28.4%)
443 (29.5%)

Condition DI mis

High trust 727 (48.5%) 347 (23.1%)
Low trust 548 (36.5%) 509 (33.9%)

Table 1: Strict coding counts by condition (critical
trials only; » = 1500 per condition). Percentages
are within condition.

Figure 2 plots the within-condition proportions of
Dl vs. mlg after excluding OTHER. In the High-trust
condition, DI = 727/(727 + 347) = 0.677 and mlg =
0.323. In the Low-trust condition, DI = 548/(548 +
509) = 0.518 and mlg = 0.482.

Two robustness checks yield the same qualita-
tive pattern. (i) Under lenient last-token coding (al-
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Figure 2: Human production (strict coding): within-
condition proportions of -D/ vs. -mlg among DI/mlg
responses only.

lowing two-word VP completions), the association
remains strong (x2(1) = 52.685, p = 3.92 x 10~ 13;
OR = 1.859, 95% CI [1.571, 2.199]). (ii) A content-
controlled stratified analysis with matched con-
tent keys gives a pooled OR = 2.029, 95% Cl
[1.654, 2.490] (CMH x2(1) = 46.789, p = 7.91 x
10~12), with no strong evidence of heterogeneity
across strata (p = 0.137).

6. The First Experiment with LLMs

Experiment | evaluates LLM behavior in a
prompting-based gap-fill task using 200 trust-
manipulated Turkish cloze items. Each item was
presented to the model three times, and the final
label was determined by majority vote across the
three outputs. Table 2 summarizes the model-level
results on the prompted task, reporting (i) the per-
centage of usable outputs (i.e., generations clas-
sifiable as DI or mlg), (ii) run-level DI/mls counts
in High- and Low-Trust conditions, (iii) the within-
condition DI share, and (iv) Fisher exact tests for
the High-vs.-Low trust contrast. A first important
result is that the amount of usable evidential data
varies substantially across models, ranging from
64.5% (Gemma-3-27B-IT) to 0.0% (Trendyol-LLM-
7B). This means that, in the prompting setup, a
large portion of outputs may be off-target and there-
fore cannot be interpreted as an evidential choice.

Among models with substantial usable DI/mls
outputs, the trust effect is not uniform. Gemma-3-
27B-IT shows a clear and statistically reliable shift
in the expected direction: the DI share decreases
from 98.5% in High-Trust contexts to 88.9% in Low-
Trust contexts (ADI = 4+9.6 pp, p = 7.44 x 1079),
indicating relatively more mls in Low-Trust items.
Gemma-2-9B-IT-TR shows a similar but smaller
significant pattern (98.8% vs. 91.9%; ADI = +6.9
pp, p = 0.006). In contrast, Orbita-v0.1 shows
a significant effect in the opposite direction, with
a higher DI share in Low-Trust than in High-Trust
contexts (81.5% vs. 67.5%; ADlI = —14.0 pp, p =
0.018).

The remaining models mostly show null, unsta-
ble, or weak effects. Qwen3-32B, Novus-7B-TR,
and WiroAl-TR-8B exhibit small and non-significant

differences (p = .371, .556, and .696, respectively).
GPT-OSS-20B-Astro shows a larger numerical re-
verse shift (ADl = —20.4 pp) but does not reach
conventional significance (p = .058). For GPT2-
TR-10M and Turkcell-LLM-7B, all usable outputs
are DI, so no informative DI/mls comparison can
be made; Trendyol-LLM-7B yields no usable out-
puts. Overall, Experiment | suggests that in an
open-generation prompting setup, trust-sensitive
evidential behavior is highly model-dependent and
often overshadowed by prompting/compliance limi-
tations and a strong general bias toward DI.

7. The Second Experiment with LLMs

Experiment Il evaluates LLM behavior in an ex-
plicit past-tense generation setup using the same
200 trust-manipulated Turkish cloze items. Unlike
Experiment |, the prompt here explicitly instructed
models to produce a past-tense completion. As in
Experiment |, each item was sampled three times.
To obtain a single interpretable evidential label per
item, we assigned a final item-level label by majority
vote across the three outputs (turl-tur3) among
outputs classifiable as DI or mls (ties excluded).

Table 3 summarizes the model-level results for
the explicit-past prompting condition, reporting (i)
the percentage of usable items (i.e., items receiv-
ing a majority label classifiable as DI or mlg), (ii)
item-level DI/mls counts in High- and Low-Trust
conditions, (iii) the within-condition DI share, and
(iv) Fisher exact tests for the High-vs.-Low trust
contrast. A first key result is that usability re-
mains strongly model-dependent even with ex-
plicit past-tense instructions, ranging from 96.0%
(Gemma-3-27B-IT) and 91.0% (Gemma-2-9B-IT-
TR) to 0.0% (Trendyol-LLM-7B). Thus, explicit past-
tense prompting substantially improves the propor-
tion of usable evidential outputs for some models,
but not for all.

Among models with substantial usable DI/mlg
outputs, Gemma-3-27B-IT shows the clearest and
statistically reliable trust-sensitive pattern in the pre-
dicted direction. Its DI share decreases from 97.9%
in High-Trust contexts to 84.5% in Low-Trust con-
texts (ADI = +13.4 pp, p = 1.51 x 1073), while
the number of mlg labels increases from 2 items
(High) to 15 items (Low). This indicates a relative
increase in mls under Low-Trust contexts. Gemma-
2-9B-IT-TR also shows high usability and a small
numerical shift in the expected direction (100.0%
vs. 97.8%; ADI = 42.2 pp), but the difference is
not statistically significant (p = .243). Orbita-v0.1
shows a larger numerical shift in the expected direc-
tion (ADI = +18.1 pp), but its low usability (22.0%)
and non-significant test (p = .327) limit the strength
of this result.

The remaining models mostly show null, unsta-
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Model Usable H-DI H-MIS L-DI L-MIS DI% (H) DI% (L) ADI (pp) P
Gemma-3-27B-IT 645 195 3 168 21 98.5 88.9 +9.6 7.44 x 107°
Gemma-2-9B-IT-TR 472 158 2 113 10 98.8 91.9 +6.9 0.006
Orbita-v0.1 40.3 83 40 97 22 67.5 81.5 -14.0 0.018
Qwen3-32B 247 54 3 81 10 94.7 89.0 +5.7 0.371
Novus-7B-TR 21.3 79 1 46 2 98.8 95.8 +2.9 0.556
WiroAl-TR-8B 16.8 54 5 40 2 91.5 95.2 -3.7 0.696
GPT-OSS-20B-Astro 11.3 29 11 26 2 72.5 92.9 -20.4 0.058
GPT2-TR-10M 238 10 0 7 0 100.0 100.0 +0.0 -
Turkcell-LLM-7B 1.2 5 0 2 0 100.0 100.0 +0.0 -
Trendyol-LLM-7B 0.0 0 0 0 0 - - - -

Table 2: Experiment | (prompting-based gap-fill) LLM results. Usable = percentage of all generations
classifiable as DI or mls (i.e., DI/MIS%). DI% is computed as DI/(DI + MI) within each trust condition.
ADI is High minus Low (percentage points). p values are Fisher exact tests on {High, Low} x{DI, mls}.

Model Usable H-DI H-MIS L-DI L-MIS DI% (H) DI% (L) ADI (pp) P
Gemma-3-27B-IT 96.0 93 2 82 15 97.9 84.5 +13.4 1.51 x 1073
Gemma-2-9B-IT-TR 91.0 92 0 88 2 100.0 97.8 +2.2 0.243
Orbita-v0.1 22.0 19 6 11 8 76.0 57.9 +18.1 0.327
Qwen3-32B 32.5 24 3 35 3 88.9 92.1 -3.2 0.686
Novus-7B-TR 28.0 27 6 21 2 81.8 91.3 -9.5 0.449
WiroAl-TR-8B 245 24 3 20 2 88.9 90.9 -2.0 1.000
GPT-OSS-20B-Astro 27.5 17 11 19 8 60.7 70.4 -9.7 0.573
GPT2-TR-10M 4.5 3 0 6 0 100.0 100.0 +0.0 -
Turkcell-LLM-7B 2.0 3 0 1 0 100.0 100.0 +0.0 -
Trendyol-LLM-7B 0.0 0 0 0 0 - - - -

Table 3: Experiment Il (explicit past-tense generation) LLM results. Each item was generated three times
(tur1l-tur3), and the final item-level label was determined by majority vote among outputs classifiable
as Dl or mls (ties excluded). Usable = percentage of all items (out of 200) receiving a majority DI or mls
label. DI% is computed as DI/(DI + MI) within each trust condition. ADI is High minus Low (percentage
points). p values are Fisher exact tests on {High, Low} x{DI, mlg} using item-level majority labels.

ble, or reverse-direction patterns. Qwen3-32B,
Novus-7B-TR, WiroAI-TR-8B, and GPT-OSS-20B-
Astro all show non-significant High-vs.-Low differ-
ences (p = .686, .449, 1.000, and .573, respectively),
and several exhibit a numerical reverse shift (i.e., a
higher DI share in Low-Trust than in High-Trust con-
texts). For GPT2-TR-10M and Turkcell-LLM-7B,
all usable majority labels are DI, so no informa-
tive DI/mls comparison can be made. Trendyol-
LLM-7B produces no usable items. Overall, Exper-
iment Il shows that explicit past-tense prompting
can improve evidential compliance and reveal a
trust-sensitive DI/mlg pattern in some models (most
clearly Gemma-3-27B-IT), but the effect remains
highly model-dependent and is weak, unstable, or
absent in most others.

7.1. Exploratory Head-Level Modulation
of Trust-Cue Attention

As an exploratory mechanistic analysis, we ex-
amined attention-weight redistribution in Gemma-
2-9B-IT-TR under the explicit past-tense prompt-

ing condition. We focused on the pre-generation
decision state (g = last_prompt) and quanti-
fied attention directed to the trust-cue span, op-
erationalized as the token sequence immediately
preceding gdre. Across heads, the strongest con-
dition sensitivity was confined to a small subset
of mid-to-late layers, with the single best layer at
L = 25 and the highest-scoring layers concentrated
in the range L = 22-29. However, the aggregate
pairwise contrast was weak and directionally un-
stable (Apar mean = —0.0179, 95% bootstrap Cl
[~0.0513, 0.0170]; P(Apair > 0) = 46%). Under this
operationalization, the results do not provide strong
evidence that trust is robustly encoded via system-
atic reallocation of attention mass to the cue span
in Gemma-2-9B-IT-TR; accordingly, we treat the
attention maps as qualitative diagnostic evidence
rather than as a stable mechanistic signature. The
corresponding visualizations are provided in Ap-
pendix C.

Applying the same analysis to Gemma-3-27B-
IT yielded a larger and more internally consistent
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Model DI% High DI% Low App Acc% Abstain% Fisherp Holmp 3-run same%
Gemma-2-9B-IT-TR 60.0 440 16.0 58.0 0.0 0.033  0.268 97.5
Gemma-3-27B-IT 78.9 66.3 126 56.0 35 0.054  0.381 97.5
GPT-OSS-20B-Astro 94.9 84.0 109 553 0.5 0.019 0.173 92.0
Orbita-v0.1 91.0 840 7.0 535 0.0 0.199  0.994 96.0
Turkcell-LLM-7B 97.0 90.0 7.0 533 0.5 0.082  0.491 81.0
WiroAl-TR-8B 15.2 11.0 42 523 0.5 0.408  1.000 91.0
Qwen3-32B 81.0 770 40 520 0.0 0.603  1.000 95.0
Novus-7B-TR 99.0 98.0 1.0 505 0.0 1.000  1.000 99.0
Trendyol-LLM-7B 0.0 00 0.0 50.0 0.0 1.000  1.000 100.0
GPT2-TR-10M 0.0 - - 0.0 99.5 - - 99.5

Table 4: Experiment IIl (A/B forced-choice prompting) combined model results using item-level majority
vote over three runs. DI% High/Low are computed after excluding abstentions (invalid outputs and tie/no-
majority items). App = DI% High minus DI% Low. Acc% uses the target mapping High—-DI, Low—-mIs.
Fisher exact tests are computed on High/Low x {DlI, mls} after excluding abstentions; Holm p values
correct for multiple testing across models. 3-run same% is the proportion of items with identical outputs

across all three replicates.

pair-level contrast. Condition-sensitive modulation
was again localized to a restricted subset of mid-
to-late-layer heads, but with a clearer concentra-
tion in higher layers (best layer L = 31; top layers
L = 31,33,36,37). The aggregate pairwise effect
was reliably non-zero under the present metric def-
inition (Apair mean = —0.0983, 95% bootstrap ClI
[—0.].15].7 —00817], P(Apair > 0) = 9%), indicat-
ing systematic condition-dependent redistribution
of attention toward the trust-cue span. We interpret
this as evidence that Gemma-3-27B-IT exhibits a
more coherent internal sensitivity to trust-related
contextual cues than Gemma-2-9B-IT-TR in this
prompting setup. At the same time, this interpreta-
tion should remain qualified, since raw span-level
attention mass can be affected by surface differ-
ences such as cue-length asymmetries across con-
ditions. The relevant maps are shown in Appendix
C.

8. The Third Experiment with LLMs

Experiment lll evaluates LLM behavior in a forced-
choice prompting setup, in which models are ex-
plicitly asked to choose between two candidate
completions: a form (option A) and a form (option
B). This design is more constrained than Exper-
iments |-l because it removes open-ended lexi-
cal generation and directly targets the evidential
choice itself. The same 200 trust-manipulated Turk-
ish items are used (100 High-Trust, 100 Low-Trust),
and each item is queried three times (turl-tur3).
Final item-level labels are determined by majority
vote across the three runs. Outputs other than A/B,
as well as ties/no-majority cases, are treated as
abstentions and excluded from evidential-rate and
Fisher-test calculations.

Table 4 reports per-model condition-wise Dl rates

(D1% High and DI% Low), the High-minus-Low dif-
ference (App), target-mapping accuracy (High—,
Low—), and abstention rate over all 200 items. Ta-
ble 4 reports per-model Fisher exact tests (High-
/Low x DI/MIS), Holm-corrected p values across
models, and 3-run agreement (same%), which
measures response stability across the three repli-
cates.

A first important result is that most usable
models show a directionally trust-consistent
trend: DI% is higher in High-Trust than in Low-
Trust contexts. The largest shift is observed
for neuralwork/gemma-2-9b-it-tr (App = 16.0),
followed by google/gemma-3-27b-it (12.6 pp) and
ocaklisemih/gpt-oss-20b-turkish-astrology-gguf
(10.9 pp). Several other models also show smaller
positive shifts (e.g., mradermacher/Orbita-v0.1-i1-
GGUF, Turkcell-LLM-7b-v1, WiroAl/wiroai-turkish-
IIm-8b, Qwen/Qwen3-32B, NovusResearch/Novus-
7b-tr,1).

Trendyol-LLM-7b-base-v1.0 shows no shift (0.0
vs. 0.0). This pattern suggests that, under direct
A/B comparison, many models weakly track the
trust manipulation in the predicted direction.

At the same time, the results also show that base-
rate preferences remain strong and often domi-
nate behavior. Several models overwhelmingly pre-
fer one option across both conditions (e.g., very
high DI rates for Novus, Turkcell, Orbita, and GPT-
OSS; near-zero DI rates for Trendyol and GPT2-
TR-10M), which compresses the effect of trust and
limits target-mapping accuracy. Consistent with
this, Acc% values remain close to chance for most
models (roughly 50-58%), even when the direction
of the trust effect is correct. In other words, mod-
els can show a small High>Low DI shift without
demonstrating robust context-sensitive evidential
selection at the item level.
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Statistical testing reinforces this conclusion.
Some models yield nominally small Fisher exact p
values (e.g., p = .019 for GPT-OSS and p = .033 for
Gemma-2-9B-IT-TR; Table 4), but none remains sig-
nificant after Holm correction across models. Thus,
Experiment Il provides evidence for a weak, direc-
tionally consistent trend in several systems, but not
for a robust per-model trust effect after correction
for multiple comparisons.

Finally, response stability across the three repli-
cates is generally high (3-run same% often above
90%), indicating that model choices in this A/B
paradigm are relatively deterministic once the
prompt format is fixed. This is methodologically
useful: compared with open-ended prompting, the
forced-choice setup reduces output-format vari-
ability and improves comparability across models.
However, the combination of high replicate agree-
ment and near-chance Acc% for many systems
suggests that the models are often making stable
choices driven by global option preferences rather
than reliably applying the trust cue in a human-like
way.

9. Discussion

This study makes theoretical and methodological
contributions to Turkish evidentiality and its evalu-
ation in LLMs. Human results show a clear trust
effect: more credible external sources favor -DI,
while less credible sources favor -mls (Section 5;
Table 1; Figure 2). In contrast, current LLMs do
not reliably reproduce this pattern, and their appar-
ent evidential behavior varies with prompt format,
output compliance, and response constraints (Ta-
bles 2, 3, 4).

The paper’s central theoretical contribution is a
direct experimental test of a trustworthiness-based
perspective on Turkish evidentiality, inspired by the
Giannakidou—Mari framework. To our knowledge,
this is a novel application of that framework to Turk-
ish -DI/-mls. Rather than treating evidential mor-
phology only as a categorical source-type marker,
we test whether the credibility of an explicitly exter-
nal source shifts evidential choice; the human data
show that it does.

This matters because the source is explicitly ex-
ternal in both conditions ((e.g., X'e gére ‘according
to X’)); the manipulation changes only the source’s
trustworthiness. The observed shift therefore sup-
ports an analysis in which Turkish evidential mor-
phology is sensitive not just to source type, but
also to source quality and the speaker’s resulting
commitment profile. In Giannakidou—Mari terms,
the pattern is consistent with differences in sup-
port strength for the prejacent: more trustworthy
sources favor stronger commitment (and relatively
more -DI), whereas less trustworthy sources favor

weaker, evidence-weighted commitment (and rel-
atively more -mls) (Giannakidou and Mari, 2016,
2018, 2021; Boscaro et al., 2025).

Our findings do not by themselves settle the
long-standing question of whether -DI is lexically a
direct evidential or a past tense form whose “di-
rectness” effects arise pragmatically. However,
they do provide an important constraint on the de-
bate. Because the manipulation keeps source attri-
bution explicit and varies trustworthiness instead,
the human pattern is difficult to reduce to a sim-
ple source-present/source-absent contrast. The
results are more naturally captured by accounts
that allow context-sensitive interactions among ev-
idential morphology, speaker commitment, and
discourse-pragmatic reasoning. In this sense, the
present data strengthen the case for treating Turk-
ish evidential choice as part of a broader inferential
and commitment-sensitive system, rather than a
purely rigid source-labeling mechanism.

What the LLM results may suggest. Across the
three LLM experiments, the main result is a dis-
sociation between surface task performance un-
der prompting constraints and human-like trust-
sensitive evidential reasoning. In Experiment |
(open gap-fill prompting), many models produce
a high proportion of unusable outputs, and even
among usable outputs the trust effect is highly
model-dependent. In Experiment Il (explicit past-
tense prompting), usability improves substantially
for some models (especially Gemma variants),
and Gemma-3-27B-IT shows the clearest trust-
consistent shift, but the pattern remains weak, ab-
sent, or unstable in most models. In Experiment 11l
(A/B forced-choice), response stability becomes
high and several models show directionally trust-
consistent trends, yet effects are generally modest,
target-mapping accuracy remains near chance for
many systems, and no per-model effect survives
Holm correction. Thus, these results suggest that
many LLMs can exhibit format-dependent traces
of the expected pattern, but they do not reliably
reproduce the human sensitivity to source trustwor-
thiness as a stable, cross-paradigm property. This
is precisely the kind of mismatch that a linguisti-
cally targeted, human—-LLM comparison can reveal:
a model may appear “reasonable” in one prompt
format while still failing to encode the underlying
contextual factor in a robust way. A related question
is why explicit past-tense prompting changes model
performance. We suggest that the main reason is
task specification: in the open gap-fill setting, mod-
els must jointly infer a plausible lexical completion,
tense, and evidential morphology, which leaves the
task relatively underspecified. By explicitly requir-
ing a past-tense completion in Experiment I, the
prompt narrows the response space and makes
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the -DI/-mls contrast more directly relevant to the
decision. In this sense, the improvement for some
models is consistent with recent work showing that
more specific instructions can reduce prompt sen-
sitivity relative to underspecified prompts, even if
they do not solve the deeper representational prob-
lem (Pecher et al., 2026). At the same time, our
results also align with recent findings that morpho-
logical generalization remains difficult for LLMs in
agglutinative languages such as Turkish, especially
when models must produce the appropriate inflec-
tion rather than merely recognize it (Ismayilzada
et al., 2025).

The paper also contributes a reusable evalua-
tion paradigm for Turkish source-sensitive seman-
tics/pragmatics by combining: (i) a human cloze
dataset, (ii) an expanded LLM-only dataset, and (iii)
three prompting regimes that vary constraint level
(open generation, explicit tense generation, forced
choice). This multi-paradigm design makes it pos-
sible to separate at least three sources of variation
that are often conflated in LLM evaluations: com-
pliance/formatting behavior, base-rate morphologi-
cal preference, and context sensitivity to the trust
manipulation. In particular, the contrast between
Experiments |-l shows that forcing the response
space can improve comparability and stability, but it
can also expose strong default biases that limit gen-
uine contextual adaptation. More broadly, the study
argues for evaluating Turkish LLMs on controlled
linguistic contrasts with human baselines, rather
than relying only on broad benchmarks. A useful
point of comparison is TurBLiMP, the first Turkish
benchmark of linguistic minimal pairs, which evalu-
ates LMs on 16 grammatical phenomena and has
significantly expanded linguistically informed eval-
uation for Turkish (Basar et al., 2025). Our study
is complementary to that line of work. Whereas
TurBLiMP focuses on minimal-pair judgments over
a broad range of grammatical phenomena, it does
not target evidentiality. This matters because ev-
identiality is not only a morphosyntactic contrast
in Turkish, but also a source-sensitive semantic—
pragmatic phenomenon tied to speaker commit-
ment, information source, and discourse reasoning.
Our results therefore extend Turkish LLM evaluation
into a domain that is central to Turkish grammar
but not captured by existing minimal-pair bench-
marks. For evidentiality and related phenomena,
this is especially important because the relevant
behavior is not merely lexical accuracy but context-
dependent mapping between linguistic form and
epistemic/discourse structure.

10. Conclusion

This paper investigated how source trustworthiness
shapes Turkish evidential choice in the -DI/-mls

contrast, and whether current LLMs track this sen-
sitivity. In a controlled human cloze experiment, we
found a robust and replicable trust effect: partic-
ipants produced relatively more -D/ in High-Trust
contexts and relatively more -mls in Low-Trust con-
texts. This provides new empirical support for a
trust-/commitment-based perspective on Turkish
evidentiality and shows that the Giannakidou—Mari
framework offers a productive theoretical lens for
Turkish data.

Across three LLM experiments (open gap-fill
prompting, explicit past-tense prompting, and
forced-choice A/B prompting), model behavior was
substantially more variable and strongly depen-
dent on prompt format, output compliance, and
base-rate suffix preferences. While some models
showed weak or local trust-consistent trends, the
effect was not robust across models or paradigms.
Overall, the results reveal a clear human—-LLM
gap in source-sensitive evidential reasoning and
motivate future work on more faithful evaluation
and modeling of evidential and commitment-related
meaning in Turkish.

Ethics Statement

This work investigated the interaction between con-
textual source trustworthiness and Turkish eviden-
tial morphology (-DI vs. -mls) using both human
cloze responses and LLM-based preference scor-
ing. Human data were collected under informed-
consent procedures and analyzed only at the ag-
gregate level; no personally identifying informa-
tion is reported, and all examples are presented in
anonymized form. The human-subjects component
of this study received Institutional Review Board
(IRB) approval.

For the computational component, model out-
puts are treated as task-conditioned behavioral re-
sponses rather than as evidence of human-like
semantic or cognitive representations. Because
LLM preferences can be sensitive to evaluation
protocol design (including prompting format and
tokenization effects), our findings should not be
overgeneralized to broad claims about model com-
petence or human evidential reasoning. Finally, by
focusing on Turkish, this study helps address the
English-centric bias of much computational psy-
cholinguistics and LLM evaluation.

Limitations

This study has several limitations. First, the
strongest behavioral evidence comes from the hu-
man experiment on Dataset 1, whereas the larger
Dataset 2 was used only for LLM evaluation; fu-
ture work should test whether the same human
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trust effect scales to the expanded item set. Sec-
ond, LLM results are partly constrained by prompt
compliance and output-format errors, especially in
open-generation settings, which can reduce the
amount of usable evidential data and make model
comparisons harder to interpret. Third, although
the forced-choice setup improves control and stabil-
ity, it may introduce response biases (e.g., option or
format preferences) that are not specific to eviden-
tial reasoning. The exploratory attention analysis is
also limited in scope since it was conducted only for
two relatively successful models from Experiment Il
and is intended as a preliminary qualitative diag-
nostic rather than a definitive mechanistic account.
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A. Source Categories

Condition Turkish English
High Resmi Gazete Official Gazette
High Kurumun resmi sayfasi Official website of the institution
High Hastanenin astigi duyuru Hospital notice board announcement
High Belediyenin SMS uyarisi Municipality SMS alert
High Resmi mail Official email
Low Anonim telegram grubu Anonymous Telegram group
Low Yan apartmanda oturan komsu Neighbor living in the adjacent building
Low Diger sirketteki calisan Employee at another company
Low Yanls haberler paylasan Instagram Instagram group sharing false news
grubu
Low Sokakta gegen biri A random passerby on the street

Table 5: Examples of high- and low-trust source
categories used in the experiment.
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B.1.
Prompt 1:

Prompt Templates

Turkish Prompts

Prompt 1 (TR)

Asagidaki cimlede “

ile belirtilmis bir bosluk var.

Bu boslugu ctimlenin yapisinin
akisina en uygun fiille tamamla.

Cevap verirken kurallar:

- Sadece bosluga gelecek kismiyaz.

- Clmleyi tekrar etme.

- Aciklama yapma.

Tek kelime cevap ver ve fiil
kullanarak tamamla

- Cevap vermeden gegme.

Cumle:
{prefix}

Cevap:

Prompt 2:

Prompt 2 (TR)

Asagidaki cimlede “

ile belirtiimis bir bogluk var.

Bu boslugu ctiimlenin yapisinin
akigina ve gegmis zamana gére
tamamlanabilecek en uygun
kelimeyle tamamla.

Cevap verirken kurallar:

- Sadece bosluga gelecek kismiyaz.

- Cumleyi tekrar etme.
- Aciklama yapma.
- Cevap vermeden ge¢me.

Cumle:
{prefix}

Cevap:

Prompt 3:

Prompt 3 (TR)

Cumledeki boslugu doldurmak igin
dogru segenegi seg.

Clmle: {sentence}

Segenekler:
A) {di}
B) {mis}

Kurallar:
- Sadece A ya da B yaz.
- Aciklama yapma.

Cevap:
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B.2. English Prompts

Prompt 1:

Prompt 2:

Prompt 3:

Prompt 1 (EN)

There is a blank indicated by

“ . in the sentence
below.

Fill this blank with the verb that
best fits the flow and structure of
the sentence.

Rules for your answer:

- Write only what should go in the
blank.

- Do not repeat the sentence.

- Do not provide an explanation.
Answer with a single word and
complete it using a verb.

- Do not skip answering.

Sentence:
{prefix}

Answer:

.

Prompt 2 (EN)

There is a blank indicated by

“ . in the sentence
below.

Fill this blank with the most
appropriate word that can complete
the sentence according to the
flow/structure and past tense.

Rules for your answer:

- Write only what should go in the
blank.

- Do not repeat the sentence.

- Do not provide an explanation.
- Do not skip answering.

Sentence:
{prefix}

Answer:

(S

Prompt 3 (EN)

Choose the correct option to fill the
blank in the sentence.

Sentence: {sentence}

Options:
A) {di}
B) {mis}

Rules:
- Write only A or B.
- Do not provide an explanation.

Answer:




C. Exploratory Attention Maps

High-Low difference (trust-span attention mass) | g=last_prompt_token

0 0.100
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3 0.000
25
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Figure 3: Gemma-2-9B-IT-TR (Experiment II):
high—low difference in trust-span attention mass
(query token: last_prompt_token). The pair-
level effect is weak and inconsistent (Apair mean
= —0.0179, 95% bootstrap Cl [—0.0513, 0.0170];
P(Apair > 0) = 46%), so we treat this as a qual-
itative diagnostic rather than strong evidence of
robust trust encoding.

ngh Low difference (trust-span attention mass) | q=last_prompt_token
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Figure 4: Gemma-3-27B-IT (Experiment II): high—
low difference in trust-span attention mass (query
token: last_prompt_token). The map shows
localized modulation concentrated in a small cluster
of mid-to-late layers and heads, consistent with the
exploratory analysis in Section 7.
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