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Abstract

We investigate the degree to which human
(and LLM) plausibility judgments of multiple-
choice commonsense benchmark answers are
subject to influence by (im)plausibility argu-
ments for or against an answer, in particular, us-
ing rationales generated by LLMs. We collect
3,000 plausibility judgments from humans and
another 13, 600 judgments from LLMs. Over-
all, we observe increases and decreases in mean
human plausibility ratings in the presence of
LLM-generated PRO and CON rationales, respec-
tively, suggesting that, on the whole, human
judges find these rationales convincing. Exper-
iments with LLMs reveal similar patterns of
influence. Our findings demonstrate a novel use
of LLMs for studying aspects of human cogni-
tion, while also raising practical concerns that,
even in domains where humans are “experts”
(i.e., common sense), LLMs have the poten-
tial to exert considerable influence on people’s
beliefs. !

1 Introduction

A typical framework for evaluating the common-
sense reasoning abilities of NLP models is to
present an everyday situation described in text (A
person drops a glass), followed by a set of possible
inferences (The glass breaks; The glass bounces;
etc), and instruction to select the most plausible
answer choice (Levesque et al., 2011; Roemmele
et al., 2011; Mostafazadeh et al., 2016). Unlike in
logical or mathematical reasoning problems, these
answer choices are rarely definitively true or false,
but rather lie on a continuum of plausibility (Zhang
et al., 2017; Chen et al., 2020), and require non-
monotonic modes of reasoning to assess, such as
defeasible (Rudinger et al., 2020), abductive (Bha-
gavatula et al., 2020), or counterfactual (Qin et al.,
2020) reasoning. In this setting, the answer desig-
nated as “correct” should be the choice that human

'Our data is available at
shramay-palta/AAM.git.

https://github.com/

judges agree is most plausible. Indeed, human
annotators are more likely to agree on a “correct”
answer when the plausibility gap between answer
choices is large (Palta et al., 2024).

However, unless an answer choice is logically
impossible, there exist circumstances under which
even a relatively implausible distractor answer
could be true. For example, one could argue that a
glass is actually quite likely to bounce if dropped
on a trampoline or rubber mat. By the same to-
ken, unless an answer choice is logically necessary,
there exist circumstances under which an other-
wise highly plausible outcome becomes much less
likely: The drinking glass probably won’t break if
it’s very sturdy or doesn’t fall far. Thus, any answer
choice which is neither certain nor impossible can
be subject to arguments for or against its plausi-
bility. In principle, these types of (im)plausibility
arguments or rationales do not introduce any new
evidence to the situation; rather, they simply high-
light possible circumstances which, if frue, would
impact an answer’s plausibility.

In this paper, we investigate whether an LLM
can produce convincing arguments for the plau-
sibility or implausibility of commonsense bench-
mark answer choices, as measured by their ability
to impact the plausibility ratings of human (and
LLM) judges. (We will refer to such plausibility or
implausibility arguments as PRO or CON rationales,
respectively.) Posed another way, this paper asks
whether and how human plausibility judgments
change in response to LLM-written PRO and/or CON
rationales.

To answer these questions, our work builds on
the prior study of Palta et al. (2024), who previously
collected Likert-scale judgments from human anno-
tators about the plausibility of individual question-
answer choice pairs from two commonsense mul-
tiple choice benchmarks, Social IQA (SIQA; Sap
et al. 2019) and CommonsenseQA (CQA; Talmor
et al. 2019). These judgments were collected in the
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Question: If a car-less person want to listen to talk radio in private, where might they

© listen to it?
: Choice: bedroom (gold label)

Pro Rationale: A bedroom is a private space where a car-less person can use a radio,

© smartphone, or other devices to tune into talk radio without external disturbances, _

¢ ensuring an undisturbed listening experience. Additionally, bedrooms are typically @
associated with comfort and quiet, reinforcing the ability to focus on the content. f

i Con Rationale: The bedroom is an implausible choice because it is a communal space 1
¢ shared with others in many households, which makes it difficult to ensure full privacy t
: for listening to talk radio. Additionally, a person might not have access to a radio or ]
leisure time in their own bedroom if they share living accommodations.

: Pro Rationale: A bedroom is a private space ...
i Con Rationale: The bedroom is an implausible choice ...

Figure 1: An example question and answer choice from CQA (Talmor et al., 2019) in

, paired with LLM-

generated rationales in favor of the answer’s plausibility (PRO, purple); against the answer choice’s plausibility (CON,
red); and both for and against (PRO+CON, green). Likert scales on right show how mean plausibility ratings for the
answer, as judged by human and LLM raters (OpenAl and Non-OpenAl), shift in response to different types of

rationales.

absence of any rationales or (im)plausibility argu-
ments, which we will refer to as the NO rationale
setting. We extend this work by sampling a subset
of their annotated question-answer pairs, and using
a LLM to generate PRO and CON rationales for or
against the plausibility of each answer. Adopting a
similar protocol, we then collect 3, 000 new human
plausibility ratings of answer choices, presented
alongside either a PRO rationale of the answer, a
CON rationale, or both (PRO+CON), as illustrated in
Figure 1. In a parallel set of experiments using the
same stimuli, we prompt 17 different LLMs to also
rate the plausibility of these answers, collecting an
additional 13, 600 judgments from LLMs.

With this data, we are able to make the following
observations:

* Both human and LLM plausibility judgments
are significantly affected by the addition of
PRO, CON, and PRO+CON rationales, relative to
a NO rationale setting.

* On average, PRO rationales raise mean plausi-
bility ratings from humans and LLM judges
alike, while CON rationales lower mean rat-
ings.

* These patterns hold across both gold and dis-

tractor answer choices, with one notable ex-
ception: mean plausibility ratings by humans
surprisingly drop for gold answer choices
when a PRO rationale is presented. For LLMs,
mean plausibility ratings increase in response
to PRO rationales, for gold and distractor an-
swer choices alike.

* PRO+CON rationales yield mixed reactions
from both humans and LLMs, with ratings
decreasing for the gold label, but increasing
for the distractor answer choice.

* While OpenAl and Non-OpenAl models gen-
erally exhibit similar trends, we observe some
differences. In particular, CON rationales ap-
pear to have a larger effect on the OpenAl
models’ ratings compared to the human rat-
ings and Non-OpenAl models’ ratings.

* The initial plausibility rating of an answer
choice has a strong anchoring effect: the
higher the initial plausibility of an answer,
the smaller the subsequent change in its rating
after a rationale is provided.

2 Rationale Generation

Palta et al. (2024) introduced a plausibility rating
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Dataset ‘ #q ‘ #(q,a) ‘ #(q, a,7) ‘ Jﬁ(li_lglg?e?ts ‘ Jufllg‘;glts Juggzizllts
SIQA | 50 100 400 1,500(+4500) 6,800 8,300(+500)
CQA | 50 100 400 1,500(+500) 6,800 8,300(+500)
Total | 100 200 800 3,000(+1,000) 13,600 16,600(+1,000)

Table 1: Size and structure of the collected dataset. From left to right, columns report number of unique questions
drawn from each dataset (#¢); number of unique question-answer pairs (#(¢, a)); number of unique question-answer-
rationale tuples (#(q, a, r)) over four settings (NO rationale, PRO rationale, CON rationale, and PRO+CON rationale);
total number of human plausibility ratings collected; total number of LLM plausibility ratings generated; and total
number of plausibility ratings (human or LLM). Numbers in parentheses represent additional judgments previously
collected by Palta et al. (2024) for the NO rationale setting, used in our analysis.

framework for rating the plausibility of individ-
ual answer choices from Multiple Choice Ques-
tion (MCQ) datasets in isolation. For our study,
we randomly sample a subset of 100 questions—
50 each from SIQA and CQA- from the set of
questions used in Palta et al. (2024). SIQA is
designed to evaluate the social and emotional in-
telligence in computational models. Each SIQA
item consists of a short context describing a social
situation, a question about a person in the situa-
tion and three answer choices. CQA, on the other
hand, evaluates general commonsense knowledge,
with each item containing five answer choices. For
each sampled question, we pick the dataset gold
label (agoid—1aber) and a randomly selected distrac-
tor answer choice (ag;stractor) for our study. To
maintain consistency with Palta et al. (2024), we
break down each question ¢ with answer choices
agoldflabel and Adistractor into Pairs (Qa a) where
ac [agold—labela adistractor]-

We then generate two forms of rationales for

each (g, a) pair:

1. PRO Rationale: An explanation that best ex-
plains the plausibility of the answer choice for
the given question and context (for SIQA).

2. CON Rationale: An explanation that best ex-
plains the implausibility of the answer choice
for the given question and context (for SIQA).

These two rationales are then used to collect

human and LLM plausibility judgments under
four settings, described in §3: NO, PRO, CON, and
PRO+CON.

2.1 Model Preference Study

Because the cost of human annotation is high
($1,000 USD for our full-scale study), we first ran a
small-scale preference study to select the language
model most likely to produce rationales convinc-
ing to humans for subsequent use in the full-scale

study.

For this initial preference study, we prompted
several state-of-the-art models: GPT-40 and
GPT-40-mini (OpenAl et al, 2024c), as
well as Llama 3.1-8B-Instruct and Llama
3.1-70B-Instruct (Grattafiori et al., 2024) to
generate both PRO and CON rationales for a set
of 40 randomly sampled (q,a) pairs from the
validation split of SIQA. The prompts used for
generating the PRO and CON rationales are presented
in Prompts A.1 and A.2 in Appendix A.S.

The generated rationales, and their correspond-
ing (g, a) pairs, were presented to 4 human annota-
tors, who selected the rationale “that best explained
the plausibility (for PRO) or implausibility (for CON)
of the answer choice a, and was also the most be-
lievable”. We show an example of the interface
presented to the annotators in Figure 4. Based
on the annotators’ responses, GPT-4o received the
most votes and was selected to generate the ratio-
nales in our study.? The set of (¢, a) pairs used in
the preference study is entirely disjoint from the
set used in the full-scale study.

We note that it is not the purpose of the prefer-
ence study, nor the full-scale study, to determine
which LLM is most persuasive to humans. Rather,
the goal of the full-scale study is to determine
whether any LLM might produce rationales ca-
pable of swaying human plausibility judgment. A
positive finding (that human judgments are indeed
systematically swayed) can in principle be demon-
strated with a single model, since it is not our claim
that all LLMs would necessarily yield such re-
sults. On the other hand, a negative finding (that
the LLLM-generated rationales did not affect hu-

2According to annotator feedback, selecting a single ratio-
nale from the four presented was challenging, as the generated
rationales were quite similar to one another. Nevertheless,
GPT-4o0 received the majority of votes.
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‘ Dataset Agent Pro Rationale Con Rationale Pro+Con Rationales
Increase Decrease No Change | Increase Decrease No Change | Increase Decrease No Change
\ |  Human | 28% 22% 50% | 2% 69% 29% | 11% 44% 45% |
| SIQA | Openal | 40% 2% 58% | 0% 84% 6% | 12%  43% 45% |
\ | Non-OpenAl | 61% 1% 3% | 5% 66% 29% | 20% 24% 56% |
\ |  Human | 30% 27% 3% | 9% 33% 58% | 13% 44% 43% |
| CQA | Openal | 62% 4% 34% | 4% 4% 2% | % 3% 1% |
\ | Non-OpenAl | 53% 5% 2% | 4% 65% 31% | 21% 32% 4% |

Table 2: Percentage cases where the mean plausibility rating given by human annotators, OpenAl and Non-OpenAl
models increased, decreased or remained the same when different rationales were presented for SIQA and CQA.
Numbers here include both a,g01d—1abet and Qg;stractor ansWer types.

man judgments) would beg the question: could a
stronger model have yielded positive results? It
is this latter concern that motivates our preference
study.

3 Human Plausibility Ratings

To understand the impact of rationales on human
(and LLM) plausibility judgments, we borrow the
Likert scale introduced by Zhang et al. (2017),
and also used in Palta et al. (2024), defined as I-
Impossible, 2-Technically Possible, 3-Plausible,
4-Likely and 5-Very Likely. Given a question g and
possible answer a, judges are asked to assess the
plausibility of a under each of the following four
conditions:

* NO Rationale: The (g, a) pair is presented
alone. No rationale is provided.
PRO Rationale: The (g, a) pair is accompa-
nied by an argument for the plausibility of a,
i.e., a PRO rationale.
CON Rationale: The (g, a) pair is accompa-
nied by an argument for the implausibility of
a, i.e., a CON rationale.
PRO+CON Rationale: The (g, a) pair is accom-
panied by both a PRO rationale and a CON ra-
tionale.

For the No Rationale setting, we use the plau-
sibility judgments released by Palta et al. (2024).
For each of the three remaining rationale settings
(PRO, CON, and PRO+CON) we collect 5 judgments,
totaling 15 new judgments per selected (g, a) pair.

Annotators are recruited through Prolific, and
compensated at $15/hour. To ensure independence,
each annotator could judge at most one (g, a,r)
pair for a given question ¢ for a rationale type 7.
Further details, including examples of the annota-
tion interfaces (Figures 5, 6 and 7), are presented in
Appendix A.4. We present the overall annotation

counts in Table 1.

3.1 How do Rationales influence Human
Ratings?

We measure how mean plausibility ratings® for
(g, a) pairs change between the original NO Ratio-
nale setting and each of the PRO, CON, and PRO+CON
Rationale settings. Table 2 shows that, for human
judges, mean plausibility ratings often fall or stay
unchanged—but rarely rise—in the presence of
CON rationales. With PRO rationales, mean human
ratings often stay unchanged, and are only slightly
more likely to rise than drop. In the PRO+CON set-
ting, ratings are unlikely to rise, but about equally
likely to drop or stay unchanged. However, an
interesting pattern emerges when we stratify out-
comes based on whether the answer choice is a
“gold” (correct) or “distractor” (incorrect) answer,
as shown in Table 3. Critically, we observe that the
effect of PRO rationales on mean human judgments
is bimodal: on distractor answers, mean judgments
rise, while for gold answers they fall. Thus, for
implausible distractor answers, PRO rationales ap-
pear sufficiently persuasive to raise mean ratings.
But why do ratings for gold answers drop? One
possible explanation is rooted in Grice’s Maxim of
Quantity (Grice, 1975): a conversation should be
as informative as possible, and not provide more
information than what is required. When the LLM
presents a rationale arguing that a highly obvi-
ous fact is “plausible”, human judges might im-
plicitly interpret the PRO rationales as arguing the
answer is at most plausible, rather than at least
plausible. This “underselling” introduces doubt,
causing humans to actively downgrade their initial
high-confidence ratings to align with the LLM-
generated rationale.

3 Average rating across the 5 annotators for each (g, a)
item.
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‘ Dataset Agent ‘ Pro Rationale ) Con Rationale ) Pro+Con Rationales )
Overall Gold Label Distractor Overall Gold Label Distractor Overall Gold Label Distractor

| |  Human 3.33(+0.1)  3.84(—0.26) 2.81(-+0.47) | 2.28(-0.94) 2.72(~1.39) 1.85(-0.49) 2.87(—0.35) 3.36(—0.75) 2.39(+0.05) |
| SIQA |" OpenAl  3.7(+057)  425(+0.26) 3.04(+0.88) | 1.9(-1.22) 228(—17) 152(—0.74) 29(-0.22) 338(-0.6) 242(+0.16) |
| | Non-OpenAl  3.6(+0.62)  3.94(+0.42) 3.26(+0.82) | 221(—0.77) 2.42(—1.09) 1.99(-0.45) 2.93(—0.05) 3.19(—0.32) 2.66(+0.22) |
| |  Human 3.39(0.0)  3.91(—0.44) 2.86(+0.45) | 2.62(—0.76) 3.28(~1.08) 1.96(—0.45) 2.97(—0.41) 3.7(—0.65)  2.24(—0.17) |
| cQa |  OpenAl 3.91(+0.64) 4.55(+0.25) 3.27(+1.03) | 2.02(~1.25) 2.56(—1.74) 1.48(~0.76) 3.12(—0.15) 3.76(—0.54) 2.49(+0.25) |
| | Non-OpenAl  3.63(+0.61)  3.95(+0.31)  3.32(+0.92) | 2.18(—0 4) 243(—1.21) 1.94(—0.47) 2.99(—0.03) 3.28(—0.36)  2.7(+0.3) |

Table 3: Mean plausibility ratings given by Human, OpenAl, and Non-OpenAl agents after exposure to PRO,
CON, and PRO+CON rationales, reported separately for ago1d—iaber and Ggistractor- Numbers outside parentheses
indicate mean ratings after rationales; numbers in parentheses represent the corresponding changes (A) from the No

Rationale Plausibility Rating.

With CON rationales, both gold and distractor an-
swers show drops in mean plausibility, albeit with
much larger drops for gold answers. (Interestingly,
the drop for gold answers with CON rationales is
over one full Likert scale point on average, the
largest changes observed for any setting.) While
boundary effects likely contribute to the differences
observed between changes for gold and distractor
labels (e.g., there is a cap on how much an already
high rating can rise), they cannot account for dif-
ferences between answers of the same type (e.g.
distractor) across different rationale settings. For
example, we have seen that mean ratings for dis-
tractor answers rise with PRO rationales and fall
with CON rationales; in our controlled experimental
setup, the only non-random explanation for this
difference is the rationale type itself. We present
statistical significance tests at the end of this sec-
tion, with a causal analysis of the factors that led
to the changes in the ratings presented in § 5.

For PRO+CON rationales, we observe an approxi-
mate averaging of the PRO and CON outcomes: for
gold and distractor answers both, changes in mean
ratings lie in between the changes observed in the
PRO and CON settings, respectively.

We perform several Chi-squared tests of homo-
geneity to compare the rating distributions with
and without rationales. For SIQA, p-values for
the shifts in the distributions are 0.069, 2.17E 9,
and 0.001 for the PRO, CON, and PRO+CON settings,
respectively; for CQA, they are 0.001, 9.24F7,
and 0.0006. In nearly all cases, adding rationales
yields statistically significant distribution shifts.

4 Do Rationales Affect LLMs as well?

In an effort to understand whether LLMs are also
influenced by the introduction of different forms of
rationales, we replicate the entire setup used to col-
lect human plausibility ratings, as described in § 3.

Previous work (Panickssery et al., 2024) has shown
that LLMs can recognize and favor their own gener-
ated outputs over outputs from other models. Given
that GPT-40 generated the PRO and CON rationales,
to mitigate any potential biases that can arise from
instances of self-preference, we divide the LLMs
we study in our work into two groups, with mem-
bership as follows:

* OpenAl Models: GPT (3.5, 4, 4-turbo, 4o,
40-mini, 4.5-preview, ol, and 03-mini) (Ope-
nAl et al., 2024c,a,b)

* Non-OpenAl Models: LLaMA-3.1-Instruct
(8B, 70B) (Grattafiori et al., 2024), LLaMa-
3.2-Instruct (3B), LLaMa-3.3-Instruct (70B),
Mistral Instruct (8x22B) (Jiang et al., 2024),
Yi-1.5-Chat (6B, 9B, 34B) (Al et al., 2025)
and DeepSeek-R1 (Qwen-32B) (DeepSeek-
Al 2025).

We prompt the models listed above with the (g, a)
pairs accompanied by one rationale for each setting
[NO,PRO, CON, PRO+CON] (same as used in human
experiments), and present the zero-shot prompts in
Prompts A.3, A.4, A.5 and A.6 in Appendix A.5.

4.1 LLM Ratings Pre and Post Rationales

Paralleling our analysis in §3.1, we compare how
mean plausibility ratings produced by LLMs (Ope-
nAl and Non-OpenAl models) change in the pres-
ence of each rationale type, reporting results again
in Tables 2 and 3, for direct comparison with results
from the human judges.

Opverall, PRO rationales have a larger positive im-
pact for both sets of models, with a large proportion
of ratings increasing across both datasets with the
inclusion of the PRO rationale. Similarly, adding
CON rationales leads to a large drop in ratings across
both datasets. The inclusion of PRO+CON rationales
once again elicits a mixed response, similar to our
observation with human judgments in § 3.1.
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Figure 2: Mean Plausibility Rating for SIQA for Different Agents for Different Rationale Conditions. Table 3
shows the mean changes for ago1q—iaber and @g;stractor TOr all agents.

However, in sharp contrast to what we observed
with human annotators, the introduction of PRO ra-
tionales leads to an increase in the mean plausibility
ratings for ago1q—japer across both SIQA and CQA
for both OpenAl and Non-OpenAl models. Similar
to the shifts in human ratings for agoid—iaber and
Gdistractor, Dy adding CON rationales, both groups
of models exhibit a decrease in mean plausibility
ratings across both datasets.

Finally, when PRO+CON rationales are presented
together with a (¢, a) item, we observe the LLMs
to also display mixed results, with plausibility rat-
ings for agoiq—iaber dropping for both SIQA and
CQA, but increasing for ag;s¢ractor- This behav-
ior is similar to what was observed for the human
ratings (§ 3.1). One possible explanation for this
phenomenon is that, if PRO rationales dampen re-
sponses at the low end of the plausibility scale, and
CON rationales dampen responses at the high end
of the plausibility scale, then PRO+CON rationales
together may have the effect of pushing plausibility
ratings to the center of the scale because neither
extreme is being used for rating the answer a. This
would have the effect of raising average scores
for low-scoring distractors (ag;stractor) and low-
ering scores for high-scoring gold-label answers

(@gold—1abel ), as is observed for both humans and
LLMs. Figures 2 and 3 show that this is not simply
a case of reversion to the mean, as, for instance,
CON rationales on average push mean scores of dis-
tractors (which are low to begin with) even lower.
Another compatible explanation is that, as observed
in human judgments, PRO+CON rationales result in
shifts in mean judgments that lie between the shifts
observed in the PRO and CON settings.

To establish the significance of these shifts, we
ran several Chi-squared tests of homogeneity to
compare the ratings distributions with and without
rationales within each setting. These shifts were
found to be highly statistically significant across
all settings, with all p-values < 0.0001.

Comparing the ratings given by OpenAl and
Non-OpenAl models, we see the OpenAl models
to be more sensitive to the inclusion of PRO, CON
and PRO+CON rationales, which we hypothesize to
be because of the OpenAl models favoring the ra-
tionales generated by GPT-4o.

We include examples from SIQA and CQA for
each of PRO rationales (Table 6), CON rationales
(Table 7) and PRO+CON rationales (Tables 8 and 9),
and show how human and LLM ratings differ when
different rationales are included for a (¢, a) item as
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Figure 3: Mean Plausibility Rating for CQA for Different Agents for Different Rationale Conditions. Table 3 shows
the mean changes for agoid—iaber aNd Agjstractor fOr all agents.

compared to annotating without any rationales.

S Why Did the Ratings Change?

We have now established that both humans and
LLM:s are sensitive to the inclusion of PRO, CON
and PRO+CON rationales, and adjust their plausi-
bility ratings accordingly. To better understand
what factors contributed the most to the changes
in the plausibility ratings, we perform ordinary
least squares (OLS) regression on the collected
data separately for agoiq—iaber and agistractor USINg
the rationale type (PRO, CON, PRO+CON) and the NO
Rationale Plausibility Rating as features, with the
dependent variable being the change (A) in plau-
sibility rating after a rationale is presented. The
NO Rationale Plausibility Rating was originally col-
lected on the 1-5 Likert Scale as described in Palta
et al. (2024). For the regression, we use a [—2, 2]
scale to center the ratings around 0.

As detailed in Table 4, the NO Rationale Plausi-
bility Rating is a statistically significant predictor
(p < 0.05) of the rating change for humans, Ope-
nAl and Non-OpenAl models. The consistently
negative coefficients reveal a strong anchoring ef-
fect: the higher the initial plausibility of an answer,
the smaller the subsequent change in its rating af-

ter a rationale is provided. This suggests that all
rater groups are less likely to raise their opinion
if their initial assessment is already high. Addi-
tionally, this anchoring effect is more pronounced
for distractors than for gold-label answers across
all groups. This indicates that the initial rating of
an incorrect answer choice has a much stronger
influence on the final rating change than the initial
rating about the correct one.

Comparing the different rationale types included
with the (¢, a) items, we find that CON rationales ex-
ert a stronger effect than PRO rationales, with large
negative coefficients that sharply reduce plausibil-
ity for otherwise correct answers. PRO rationales
do increase plausibility, but the magnitude of their
coefficients is smaller, indicating that supporting
reasons reinforce less than opposing reasons un-
dermine. PRO+CON rationales typically carry small
negative coefficients, indicating that when both sup-
porting and opposing arguments are presented to-
gether, the opposing component tends to dominate,
yielding a net plausibility decrease.

Finally, we also test the rationale length, mea-
sured as the number of words in the generated ratio-
nale, as a feature in a separate regression where the
dependent variable is the magnitude of the change
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Feature

NO Rationale Rating | PRO Rationale | CON Rationale |  PRO+CON Rationale
| Dataset | Agent | Gold Label Distractor | Gold Label — Distractor | Gold Label — Distractor | Gold Label — Distractor |
\ | Human | —04581  —0.5495 | 02417 01082 | —0.8823  —0.8525 | —0.2423 —0.3125 |
| SIQA T TopenAl | —04503 05086 | 07083 05023 | 12592 L1177 | 01592 02127 |
| | Non-OpenAl | —04770  —0.6491 | 0.6659 04543 | —0.8452  —0.8102 | —0.0785  —0.1391 |
\ | Human | —0.5092 04983 | 02445 01590 | —03875  —07450 | 00405  —0.4650 |
| CQ% | OpenAl | —02340 04883 | 05517  0.6614 | 14408 11286 | 02383  —0.1236 |
| | Non-OpenAl | —0.5632  —0.6236 | 0.6693 05428 | —0.8507 —0.8394 | —0.0040 —0.0750 |

Table 4: OLS Regression Coefficients for the NO Rationale Plausibility Rating and Rationale Type (PRO, CON and
PRO+CON) features. The dependent variable here is the change (A) in the plausibility rating after a rationale was
presented. Numbers highlighted in bold represent coefficients that are statistically significant (p < 0.05) according

to the t-test.

in the plausibility rating, and present the results in
Table 5. Across all settings, the regression coef-
ficients are close to zero suggesting that rationale
length exhibits only a weak linear relationship with
rating scores, regardless of the answer choice type,
dataset or the annotating agent.

6 Related Works

Rating the likelihood or plausibility of events in
language has been explored previously in common-
sense reasoning (Wang et al., 2018; Liu et al., 2023).
The graded nature (Zhang et al., 2017; Chen et al.,
2020), the subjectivity of commonsense reason-
ing (Whiting and Watts, 2024) along axes like cul-
ture (Palta and Rudinger, 2023; Hershcovich et al.,
2022; Bhatia and Shwartz, 2023; Acquaye et al.,
2024) has been long studied. We take advantage
of this subjectivity to introduce LLM-generated
rationales into a commonsense MCQ item and see
the impact on human and LLM ratings. Previ-
ous works have also looked at how biases in hu-
man probability estimates (Kynn, 2007; Kruglan-
ski and Ajzen, 1983; Martins, 2006), framing ef-
fects (Druckman, 2001; Mandel, 2014; Sher and
McKenzie, 2008), recency bias (Jones and Bergias,
1976; Steiner and Rain, 1989; Arnold et al., 2000)
and availability heuristics (Tversky and Kahneman,
1973; Dube-Rioux and Russo, 1988; Folkes, 1988;
Pachur et al., 2012; Nazlan et al., 2018) can impact
human decision making.

LLMs can be trained or prompted to produce
rationales of many forms (Wiegreffe and Maraso-
vic, 2021); early work on training LMS to produce
free-form textual rationales focused on explaining
model predictions on computer vision or natural
language inference tasks (Hendricks et al., 2016;
Camburu et al., 2018). LMS’ ability to generate

free-form textual explanations for commonsense
reasoning tasks was first established by Rajani et al.
(2019); Shwartz et al. (2020); Latcinnik and Be-
rant (2020); Brahman et al. (2021); Wiegreffe et al.
(2021), with subsequent work showing that large
pre-trained LMS could generate high-quality ex-
planations for commonsense tasks without having
been explicitly trained to do so (Paranjape et al.,
2021; Lampinen et al., 2022; Wiegreffe et al., 2022;
Marasovic et al., 2022).

It is now widely accepted that LMS can pro-
duce fluent textual explanations for a wide variety
of NLP tasks. The role of these explanations on
human (over-)trust, reliance (Jacovi et al., 2021;
Goyal et al., 2023), distorting beliefs (Batista and
Griffiths, 2026), and utility to humans doing tasks
has been studied in a variety of task settings (Bi-
ran and McKeown, 2017; Feng and Boyd-Graber,
2019; Gonzalez et al., 2021; Bansal et al., 2021;
Parrish et al., 2022; Lee et al., 2023; Chen et al.,
2023; Joshi et al., 2023; Si et al., 2024; Fok and
Weld, 2024), though without a specific focus on un-
derstanding how explanations affect humans’ per-
ception of the plausibility of commonsense situa-
tions (which can be inherently ambiguous), a do-
main where humans are traditionally considered to
be the “experts”.

To the best of our knowledge, our finding about
the bimodal effect of PRO rationales on human
judges: raising the ratings for implausible distractor
answers but dropping the ratings for highly plau-
sible gold-label answers has not been documented
in prior works on LLM-generated explanations.
Further, our causal OLS regression analysis also
confirms a strong anchoring effect (a higher initial
plausibility leads to a smaller change in the ratings)
for all rater groups (humans and LLMs).The find-
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ing that this anchoring effect is more pronounced
for distractors than for gold-label answers for all
groups is a new insight into the rigidity of initial
judgments for incorrect answers.

7 Conclusion

In this work, we have tried to answer the critical
question, How do explanations work differently de-
pending on the context, the audience (human vs.
LLMs), and the baseline certainty of the claim? By
collecting 3000 human and 13,600 LLM ratings
for 200 (g, a) pairs, we are able to demonstrate
that both human and LLM plausibility ratings shift
when rationales either in favor, against, or pre-
sented together are included with a commonsense
reasoning question g and answer a, highlighting the
potentially persuasive nature of LLM-generated
explanations, specifically for commonsense reason-
ing tasks. Our findings also highlight that humans
and LLMs do not always react similarly when
shown different rationales, with models showing
a higher sensitivity to the rationales, underscoring
the challenges of aligning Al-generated judgments
with human intuition, particularly in subjective rea-
soning tasks. Finally, our findings highlight the
potential for LLMs to aid humans by challeng-
ing users’ reasoning, stress-testing arguments, and
introducing alternative perspectives, all of which
have direct implications on effective human-AT col-
laboration, human-ATI safety, Al for decision sup-
port, and the methodology of how commonsense
reasoning is evaluated in Al systems. However,
the fact that LLM-generated rationales are able to
exert considerable influence on human annotators’
beliefs, even in a domain like commonsense reason-
ing where humans are traditionally considered to be
the “experts”, also raises the question that if LLMs
can sway human judgments on basic intuitive facts,
the risk of persuasive manipulation or psychologi-
cal influence might be higher in specialized or tech-
nical domains. We also demonstrate that LLMs can
effectively steer human judgment toward more im-
plausible inferences through persuasive argumen-
tation. This highlights a critical vulnerability in
human-AI collaboration: users may prioritize the
plausibility of an LLM’s argument over their own
knowledge and beliefs. Because it is somewhat
counter-intuitive that LLLM reasoning can influence
human reasoning in the domain of everyday com-
monsense reasoning, users may also be less likely
to realize when such manipulations have occurred.

Addressing these risks requires robust safeguards,
including transparency, bias mitigation, and mech-
anisms to detect and counteract harmful manipula-
tive uses. Future works will focus on how factors
such as cognitive abilities, age, grade-level and
other demographic characteristics can influence hu-
man responses to LLM-generated explanations.

Limitations

Our goal in this work was to determine whether any
LLM might produce rationales capable of swaying
human (and other LLLMs’) plausibility judgments.
For that purpose, GPT-40 proved effective at cre-
ating convincing arguments which, as we demon-
strated, led to the changes in plausibility ratings.
However, the persuasive power and style of LLM-
generated rationales can vary significantly across
different models and architectures. We hope that
our findings inspire future works to look into the
extent to which different models influence human
and LLM plausibility judgments.

The scope of our investigation is confined to
two English-language commonsense reasoning
datasets, Social IQA and CommonsenseQA. The
plausibility of an answer choice and the extent to
which a rationale is persuasive might differ in other
languages and domains, such as technical, scien-
tific, or legal reasoning, where arguments may be
more constrained by factual evidence. Future work
may explore understanding the impact of LLM-
generated rationales on domains beyond common-
sense reasoning. Furthermore, our human annota-
tors were recruited from a specific demographic
(US-based, English-speaking users on Prolific). As
common sense itself can be culturally situated, the
impact of these rationales could vary across dif-
ferent cultural and linguistic groups. While we
employed rigorous annotation protocols and made
sure each instance was annotated by at least 5 anno-
tators, there may still be instances where ambiguity
in interpretation arises and hence, the impact a
rationale has on the plausibility ratings would be
different.
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A Appendix

A.1 License for Artifacts

All datasets used in this work are publicly available
and free to use on HuggingFace. All LLMs are
used in accordance with the licenses released by
their respective developing organizations.

A.2 Usage of AI Assistants

We only use Al Assistants to assist our writing to
identify grammar errors, typos and rephrase terms
for readability.

A.3 Computational Details

LLaMA-3.1-Instruct (8B, 70B), LLaMA-3.2-
Instruct (3B), LLaMA-3.3-Instruct (70B), Mistral
Instruct (8x22B), Yi-1.5-Chat (6B, 9B, 34B) and
DeepSeek-R1 (Qwen 32B) were all run on eight
NVIDIA:RTXA5000 GPUs and were allocated a
total of 24 GPU hours to run all experiments. All
OpenAl models were run on CPU and were allo-
cated a total of 8 hours to run all experiments. Each
LLM decodes with a maximum token generation
length of 50, to ensure no extra verbiage is gener-
ated. We did not perform a hyperparameter search.
All results are obtained from a single run.

For generating the rationales as mentioned in
§ 2, we set temperature to be 1 for GPT-40. For
generating plausibility ratings as discussed in § 4,
we set temperature to be 0 and 0.1 for OpenAl
models and Non-OpenAl models respectively to
ensure greedy decoding.

A.4 Annotation Process Details

We used Prolific to collect the human annotations
for all three rationale conditions. The annotators for
our task were selected on the basis of the following
criteria:
1. Must be located in the United States.
2. Primary language must be English.
3. Must not have any literacy difficulties.
4. Must have attained a minimum of an under-
graduate level degree.
5. Must have an approval rate between 99 —
100% on Prolific.
6. We use a 50 — 50 split of male and female*
annotators to minimize the risk of any gender-
specific biases creeping in.

*Gender as indicated on Prolific.
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Dataset Humans OpenAl Models Non-OpenAl Models
Gold Label Distractor | Gold Label Distractor | Gold Label Distractor
\ SIQA \ —0.0025 —0.0021 \ —0.0068 —0.0058 \ —0.0074 —0.0023 \
\ CQA \ —0.0042 —0.0037 \ —0.0113 —0.0046 \ —0.0081 —0.0037 \

Table 5: OLS regression coefficients for the Rationale Length as a feature for ratings given by Humans, OpenAl and
Non-OpenAl models. The dependent variable here is the change (A) in the plausibility rating after a rationale was
presented. Numbers highlighted in bold represent coefficients that are statistically significant (p < 0.05) according

to the t-test.

The total cost for our entire human annotations
for all three rationales came out to be $1000. We
also received an exempt status from the IRB at
our institution for this research. We do not collect
any personally identifiable information from the
annotators.

A.5 Prompts used for Rationale Generation
and Plausibility Ratings

We release the prompts used in our work for gener-
ating the rationales and prompting the models for
plausibility ratings below:

Prompt A.1: PRO Rationale Generation Prompt

Give your best rationale as to why the given
choice is a plausible answer for the question.
The rationale should not be more than 2 sentences
long and should be concise. Your rationale has to
be in favour of the plausibility of the choice,
no matter what. Some of these situations may
require creativity or thinking outside to box to
come up with a rationale that best explains the
plausibility of the answer choice. Feel free to
be as creative as required.

Question: ¢

Choice: a

Generated Rationale: JEORXEIEIS
|

Prompt A.2: CON Rationale Generation Prompt

Give your best rationale as to why the given
choice is an implausible answer for the question.
The rationale should not be more than 2 sentences
long and should be concise. Your rationale has to
be in favour of the implausibility of the choice,
no matter what. Some of these situations may
require creativity or thinking outside to box to
come up with a rationale that best explains the
implausibility of the answer choice. Feel free
to be as creative as required.

Question: ¢

Choice: a

Generated Rationale: NOO\NIETIEIE

J

Prompt A.3: Plausibility Rating Without Rationales

I will give you a question and an answer choice.
Your task is to rate the plausibility of the
answer choice on the following Likert scale:
Likert Scale:

1 - Impossible

2 - Technically Possible

3 - Plausible

4 - Likely

5 - Very Likely

Your answer should just be a complete option from
the Likert scale. Nothing else. No extra words
or explanations.

Question: g

Choice: a

Generated Rating: r

Prompt A.4: Plausibility Rating With Pro Rationale

I will give you a question, an answer choice, and
a rationale that best explains the plausibility
of the answer choice. Your task is to rate
the plausibility of the answer choice on the
following Likert scale taking into consideration
the rationale given.

Likert Scale:

1 - Impossible

2 - Technically Possible

3 - Plausible

4 - Likely

5 - Very Likely

Your answer should just be a complete option from
the Likert scale. Nothing else. No extra words
or explanations.

Question: ¢

Choice: a

Explanation: PRO Rationale

Generated Rating:

€ J
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Prompt A.5: Plausibility Rating With Con Rationale

I will give you a question, an answer
choice, and a rationale that best explains
the implausibility of the answer choice. Your
task is to rate the plausibility of the answer
choice on the following Likert scale taking into
consideration the rationale given.

Likert Scale:

1 - Impossible

2 - Technically Possible

3 - Plausible

4 - Likely

5 - Very Likely

Your answer should just be a complete option from
the Likert scale. Nothing else. No extra words
or explanations.

Question: ¢

Choice: a

Explanation: Con Rationale

Generated Rating:

Prompt A.6: Plausibility Rating With Pro+Con Rationales

I will give you a question, an answer choice,
a rationale that best explains the plausibility
of the answer choice, and a rationale that best
explains the implausibility of the answer choice.
Your task is to rate the plausibility of the
answer choice on the following Likert scale
taking into consideration the rationales given.
Likert Scale:

1 - Impossible

2 - Technically Possible

3 - Plausible

4 - Likely

5 - Very Likely

Your answer should just be a complete option from
the Likert scale. Nothing else. No extra words
or explanations.

Question: ¢

Choice: a

Explanation 1: Pro Rationale

Explanation 2: Con Rationale

Generated Rating:
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Agent Rating Change Example

Context: Jenny wanted to found out what happened to Quinn’s
leg and read Quinn’s book about his travels where he
discussed his accident later in the first chapter.

Question: How would Jenny feel as a result?

Choice: satisfied (gold label)

Pro Rationale: Jenny would feel satisfied because she
successfully found the information she was seeking about
Quinn’s leg accident in his book, fulfilling her curiosity and
providing her with the answers she needed.

Human Rating A: +1.2

LLM Rating A (OpenAl): +0.88

LLM Rating A (Non-OpenAl): +0.67

Human Rating 1

LLM Rating 1

Question: 1 took my seat, the curtains drew back and I enjoyed
the what?

Choice: movie (distractor)

Pro Rationale: The mention of "curtains drew back" is
Human Rating 1 commonly associated with the start of a film in a theater
setting, making "movie" a plausible choice as to what was
LLM Rating | enjoyed. Additionally, sitting down right before an experience
occurs supports the idea of a movie theater viewing.

Human Rating A: +0.2

LLM Rating A (OpenAl): —0.12

LLM Rating A (Non-OpenAl): —0.22

Context: Quinn got a new job in a different town so they
moved to a new house.

Question: What will Quinn want to do next?

Choice: reload his things (distractor)

Pro Rationale: Quinn may want to reload his things as part of
Human Rating | the process of unpacking and arranging his belongings in his
new home, ensuring everything is set up correctly and

LLM Rating efficiently after the move. Additionally, reloading could refer
to reorganizing or reconfiguring items like furniture and
electronics to better suit the new living space.

Human Rating A: —1.2

LLM Rating A (OpenAl): +1

LLM Rating A (Non-OpenAl): +1

Question: The teacher played on the upright piano, she was
explaining the song to all the students in the what?

Choice: music room (gold label)

Pro Rationale: The choice "music room" is plausible because it’s
a common setting within a school where pianos are typically
located and where a teacher would explain music to students,
making it a logical location for the scenario.

Human Rating A: —1

LLM Rating A (OpenAl): —0.62

LLM Rating A (Non-OpenAl): —0.33

Human Rating |

LLM Rating |

Table 6: Examples from SIQA and CQA showing mean plausibility rating changes for different agents for PRO
Rationales.
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Agent Rating Change ‘ Example

Question: Where can many stores with clothing be found?
Choice: library (distractor)
Con Rationale: While a mall is a common place for multiple

Human Rating 1 clothing stores, it is implausible to consider it the specific
answer because a fashion district or online marketplaces might
LLM Rating 1 have far more clothing stores concentrated in one place.

Human Rating A: +0.6
LLM Rating A (OpenAl): 0
LLM Rating A (Non-OpenAl): +0.33

Context: Cameron wasted money on an expensive handbag.
Question: Why did Cameron do this?

Choice: resent her waste (distractor)

Con Rationale: 1t is implausible that Cameron would waste
money on an expensive handbag with the intention of

Human Rating 1 resenting her waste because typically, people do not make
financial decisions to purposefully feel negative emotions like
LLM Rating | resentment. Such a motive is counterproductive and irrational,

as purchases are usually made for positive reasons such as
necessity, desire, or status, not to induce regret.

Human Rating A: +1.6

LLM Rating A (OpenAl): —0.62

LLM Rating A (Non-OpenAl): —0.11

Context: Riley layered down their arms with a blanket to keep
warm.

Question: What does Riley need to do before this?

Choice: get a blanket from the closet (gold label)

Con Rationale: 1t is implausible that Riley needs to get a blanket

Human Rating | from the closet because the sentence implies that the blanket is
already in their possession, suggesting that any necessary
LLM Rating | retrieval must have already occurred. Additionally, there is no

indication that Riley is not near a blanket or lacks access to one
already placed conveniently nearby.

Human Rating A: —3.2

LLM Rating A (OpenAl): —1.38

LLM Rating A (Non-OpenAl): —0.78

Table 7: Examples from SIQA and CQA showing mean plausibility rating changes for different agents for CON
Rationales. We observed no cases where there was a decrease in Human ratings, but decrease in LLM ratings.
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Agent Rating Change ‘

Example

Human Rating 1

LLM Rating 1

Context: Aubrey was a police officer that pulled a driver over
for speeding down the highway one day.

Question: What will Aubrey want to do next?

Choice: run away from the driver (distractor)

Pro Rationale: Aubrey might want to run away from the driver
if the situation escalates into a dangerous confrontation or if
they perceive an immediate threat to their safety, prompting
them to seek cover or help. As a police officer, ensuring
personal safety can sometimes take precedence in volatile
situations.

Con Rationale: Running away from the driver is implausible
because as a police officer, Aubrey’s duty is to address the
traffic violation and ensure public safety, not to avoid the
situation. Such an action would be unprofessional and contrary
to law enforcement responsibilities.

Human Rating A: +0.8

LLM Rating A (OpenAl): +0.88

LLM Rating A (Non-OpenAl): +1.11

Human Rating 1

LLM Rating |

Context: Kendall took Skylar into acount when making plans
for the day.

Question: How would Skylar feel as a result?

Choice: Glad they were thought about (gold label)

Pro Rationale: Skylar would likely feel glad they were thought
about because being considered in someone’s plans can lead to
feelings of being valued and appreciated, reinforcing a sense of
importance in their relationship with Kendall. This
consideration shows that Kendall cares about Skylar’s
preferences and needs, which can foster a positive emotional
response.

Con Rationale: The choice is implausible because Skylar might
have preferred to be surprised rather than having their
preferences considered, as they enjoy spontaneity and
unpredictability. Additionally, Skylar may have wanted a day
without any plans, making the consideration unnecessary and
possibly unwanted.

Human Rating A: +0.2

LLM Rating A (OpenAl): —1.12

LLM Rating A (Non-OpenAl): —0.33

Table 8: Examples from SIQA and CQA showing mean plausibility rating changes for different agents when PRO

Rationales and CON Rationales are shown together.
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Agent Rating Change ‘ Example

Question: James loved to surf but he wasn’t good at it. He
would always do what?

Choice: enjoy yourself (distractor)

Pro Rationale: Even though James wasn’t skilled at surfing, his
passion and love for it ensured that he focused more on the
experience and thrill of being in the water, allowing him to
enjoy himself regardless of his performance. This positive
attitude highlights that enjoyment does not solely depend on

Human Rating | skill level, but on the enthusiasm and engagement in the
activity.
LLM Rating 1 Con Rationale: The phrase "enjoy yourself”" implies a level of

satisfaction and contentment, which contradicts the notion of
James not being good at surfing, as his lack of skill is likely to
cause frustration rather than enjoyment. Therefore, it is
implausible that James would consistently enjoy himself given
his admitted lack of proficiency.

Human Rating A: —0.6

LLM Rating A (OpenAl): +0.75

LLM Rating A (Non-OpenAl): +0.11

Question: Aside from water and nourishment what does your
dog need?

Choice: lots of attention (gold label)

Pro Rationale: Dogs are social animals that thrive on interaction
and companionship, making lots of attention essential for their
emotional well-being and development. By providing
attention, owners can strengthen their bond with their dog,
enhance socialization skills, and reduce the risk of behavioral
issues stemming from loneliness or neglect.

Con Rationale: While dogs may enjoy attention, it is not a
fundamental need comparable to shelter or regular exercise,
making "lots of attention" an implausible equivalent to basic
survival necessities.

Human Rating A: —0.4

LLM Rating A (OpenAl): —1

LLM Rating A (Non-OpenAl): —0.33

Human Rating |

LLM Rating |

Table 9: (Continued from Table 8)Examples from SIQA and CQA showing mean plausibility rating changes for
different agents when PRO Rationales and CON Rationales are shown together.
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For the given context, question and answer choice, choose the displayed rationale which best explains the plausibility of the answer choice, and is also the most believable rationale.
Context: Jan had a long intensive labor but gave birth to a daughter that day.

Question: How would you describe Jan?
Answer Choice: disappointed in the result
Rationale 1: Jan might be "disappointed in the result" if she was expecting a boy and had mentally prepared for that outcome, or if she had specific expectations about the birth that were not met. Additionally, the

stress and exhaustion from a long labor might temporarily overshadow her joy, leading to feelings of disappointment.

Rationale 2: It's plausible that Jan might feel disappointed in the result if she had hoped for a different outcome, such as a son, especially after enduring a long and intensive labor. Additionally, the physical and
emotional toll of a difficult delivery could amplify any feelings of letdown, regardless of a healthy birth.

Rationale 3: Jan might have been expecting a son based on various family traditions or personal preferences, leading her to feel initially disappointed by the outcome of having a daughter despite the joy of
motherhood. This emotional reaction could be a temporary adjustment period, where she navigates her expectations versus reality.

Rationale 4: Jan could be described as disappointed in the result if she was strongly hoping for a son, possibly due to cultural or family expectations, and despite the successful delivery, her initial reaction is one of
letdown. This emotional response might also stem from pre-birth preparations tailored specifically for a boy, making the unexpected outcome jarring for her.

Please leave any feedback about the above survey item (if you have any) below:

Figure 4: An example of the interface that annotators used while choosing the best rationale for an answer choice
as described in § 2.1. Example taken from SIQA.

Kendall took Skylar into acount when making plans for the day.

How would Skylar feel as a result?

Answer: Glad they were thought about

Please rate the plausibility of the highlightéd'answer on the following 5-point scale, taking into consideration the underlined explanation below.
1 - Impossible 2 - Technically Possible 3 - Plausible 4 - Likely 5 - Very Likely

Answer: Glad they were thought about (@] O O (@] O

Explanation: Skylar would likely feel glad they were thought about because being_considered in someone's plans can lead to feelings of being valued and appreciated, reinforcing a sense of importance in
their relationship with Kendall. This consideration shows that Kendall cares about Skylar's preferences and needs, which can foster a positive emotional response.

Please leave any feedback about the above survey item (if you have any) below:

Figure 5: An example of the interface that annotators used while giving plausibility ratings to answer choices with
a PRO rationale as described in § 3. Example taken from SIQA.

When you fail to fi

ish something, you failed at doing what to it

Answer: completing

Please rate the plausibility of the Righlightédanswer on the following 5-point scale, taking into consideration the underlined explanation below.
1 - Impossible 2 - Technically Possible 3 - Plausible 4 - Likely 5 - Very Likely

Answer: completing (o] (@] (@] (] (o]

Explanation: The choice "completing” is implausible because failing to finish something inherently means that you did not complete it; thus, you cannot fail at completing something _if completing_is the very
action you did not achieve.

Please leave any feedback about the above survey item (if you have any) below:

Figure 6: An example of the interface that annotators used while giving plausibility ratings to answer choices with
a CON rationale as described in § 3. Example taken from CQA.
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Aside from water and nourishment what does your dog need?

Answer: charm

Please rate the plausibility of the Righlightedianswer on the following 5-point scale, taking into consideration the underlined explanations below.

1 - Impossible 2 - Technically Possible 3 - Plausible 4 - Likely 5 - Very Likely
Answer: charm (o] (o] ] (o] (]

Explanation 1: Charm can enhance a dog's interactions with humans and other pets, making_it more likely to receive affection, playtime, and social engagement, all of which contribute to its emotional well-
being. Additionally, a charming demeanor can help a dog.in training sessions as it may_capture the attention and positive reinforcement from their owner.

Explanation 2: |t is implausible that a dog needs charm because charm is a subjective human quality rather than a physical or emotional necessity for a dog's well-being. Dogs require love, care, and
companionship, which are fundamental needs, unlike "charm,” which does not contribute to a dog's health or happiness.

Please leave any feedback about the above survey item (if you have any) below:

Figure 7: An example of the interface that annotators used while giving plausibility ratings to answer choices with
both PRO and CON rationales as described in § 3. Example taken from CQA.
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