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Abstract

This study evaluates item neutralization as-
sisted by the large language model (LLM) to
reduce social desirability bias in personality
assessment. GPT-03 was used to rewrite the
International Personality Item Pool Big Five
Measure (IPIP-BFM-50), and 203 participants
completed either the original or neutralized
form along with the Marlowe—Crowne Social
Desirability Scale. The results showed a pre-
served reliability and a five-factor structure,
with gains in conscientiousness and declines in
Agreeableness and Openness. The correlations
with social desirability decreased for several
items, but inconsistently. Configural invariance
held, though metric and scalar invariance failed.
Findings support Al neutralization as a poten-
tial but imperfect bias-reduction method.

1 Introduction

Large language models have primarily been applied
to generate cognitive test items and have shown
strong performance. With proven powerful con-
textual understanding and generation abilities in
multiple domains (Fitria, 2023; Yang et al., 2025;
Ullah et al., 2024), systems such as GPT-3 (Floridi
and Chiriatti, 2020) have already produced accept-
able multiple choice reading passages (Shin et al.,
2025), chemistry and physics items (Chan et al.,
2025), and tasks that assess fluid reasoning and
visual processing (Ryoo et al., 2022). However,
using LLMs for non-cognitive assessments (per-
sonality, attitudes, social-emotional skills) is still
rare. These constructs are often abstract, value-
laden, and context-dependent, which makes auto-
matic item-writing challenging.

Nonetheless, early research is beginning to ex-
plore this space. Li et al. (2024a) used GPT-4 to
create short, scenario-based questions, named sit-
uational judgment items. These items ask people
how they would respond in everyday situations,
as a way of measuring the Big Five personality
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traits. In another example, Xue et al. (2025b) relied
on GPT-3.5 to expand and translate a university-
belongingness questionnaire, maintaining good re-
liability despite some noisy items. These findings
suggest that LL.Ms can assist non-cognitive scale
development, but their robustness and effective-
ness remain unverified. Studies have shown that
LLM outputs for complex social constructs, such
as political or moral values, tend to be overly uni-
form (Park et al., 2024).

Most prior work has focused on generating new
items from scratch, but refining existing validated
items through targeted edits is an equally promis-
ing yet understudied approach. As emphasized
by The Standards for Educational and Psycholog-
ical Testing (Eignor, 2013), adapting item word-
ing — whether for clarity, cultural context, or bias
reduction — can enhance accessibility and fair-
ness while preserving construct validity. McCrae
et al. (McCrae et al., 2005) demonstrate that sys-
tematic item refinement, like simplifying complex
terms in the NEO-PI-3, improves readability and
reliability without changing the test’s core structure.
Studies also show that employing various refine-
ment strategies, such as rephrasing and balancing
item tone, can enhance validity while preserving
construct discrimination (Backstrom et al., 2014).

To research how LLM could serve as a precise
editors, we adopted LLM to identify and decrease
the social desirability bias. Social-desirability bias
is a tendency for a person to respond in a way
that seems socially appealing, regardless of his or
her true characteristic (Grimm, 2010; Furr, 2021;
Braun et al., 2001). It can contaminate true levels
of trait and comparison of individuals, especially
on traits such as agreeableness, conscientiousness,
and emotional stability (Biackstrom and Bjorklund,
2014), so curbing it is critical. It was chosen for
our study not only because it is a common threat to
non-cognitive tests, but also because traditional ap-
proaches to reducing social desirability, including
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forced choice (Cao and Drasgow, 2019), balanced
keying (Gignac, 2013; Li et al., 2024c), and man-
ual “neutralization” of wording (Béckstrom and
Bjorklund, 2020; Bickstrom and Bjorklund, 2013),
can work but are labor intensive and may create
unintended dimensions (Zhang et al., 2025).

Recent studies demonstrate that LLMs not only
display social desirability response patterns similar
to humans, but can also detect when they are being
evaluated and shift their answers toward socially
valued traits. This ability to recognize and repro-
duce bias suggests that LL.Ms could also be lever-
aged to diagnose and potentially mitigate social de-
sirability effects in human surveys (Lee et al., 2024;
Salecha et al., 2024). For instance, Dukanovic and
Krpan (2025) conducted a real-world hiring study.
They required candidates completed both a stan-
dard multiple-choice personality questionnaire and
a short conversation with an Al chatbot. The chat-
bot analyzed their written answers and generated
personality scores, and they found chatbot-based
scores were less influenced by social desirability
than the traditional questionnaire scores. However,
the chatbot scores were also less effective at predict-
ing external outcomes such as education level or
job role. Nevertheless, few studies have evaluated
whether LLMs can rewrite test items to reduce their
social desirability without compromising reliability
and validity.

To address this gap, we used prompt engineering
to guide GPT-03 in revising the IPIP-BFM-50 (Tao
et al., 2009), maintaining the test’s structure while
reducing social desirability bias. The prompt inte-
grated established debiasing strategies (Kajonius,
2017; Backstrom et al., 2014) and incorporated
role-playing (Kong et al., 2023), chain-of-thought
prompting (Wei et al., 2022), and transparency
mechanisms (Schneider, 2024). We evaluated the
Al-neutralized items with participants against the
original form, examining reliability, factor struc-
ture, and correlations with the Marlowe—Crowne
Social Desirability Scale.

The results show that Al-based neutralization
attenuated social desirability bias while preserving
the Big Five structure within each form. Relia-
bility was maintained in most domains, improved
for Conscientiousness, but decreased for Agree-
ableness and Openness. Confirmatory factor anal-
yses supported configural invariance, though full
metric and scalar invariance across versions was
not achieved. Correlations with social desirabil-
ity weakened for many items, though effects were

uneven across traits.

The discussion highlights both the promise and
limitations of Al-assisted item editing. Al neutral-
ization provides a viable tool for reducing response
bias without altering trait constructs, but its uneven
performance and lack of cross-form equivalence
indicate the need for domain-specific fine-tuning,
iterative refinement, and human-in-the-loop valida-
tions. Taken together, this work demonstrates the
potential of large language models to contribute to
fairer psychological assessment through targeted
item rewriting.

2 Methods

2.1 Instruments

2.1.1 The International Personality Item Pool
Big Five Personality Scale
(IPIP-BFM-50)

We employed the IPIP-BFM-50 as the foundational
measure of the Big Five personality traits, includ-
ing 50 items (Goldberg et al., 2006; Zheng et al.,
2008). Each personality was measured by 10 items.
This version of the IPIP-BFM-50 has been previ-
ously validated and shown to retain acceptable psy-
chometric properties across multiple studies (Tao
et al., 2009). Across multiple cultural validations,
Cronbach’s alphas are generally high (.80 — .90)
for Extraversion, Conscientiousness, Emotional
Stability, and Openness, though Agreeableness is
sometimes lower (.65 —.70) (Goldberg et al., 2006;
Ypofanti et al., 2015; Zheng et al., 2008). Stud-
ies also observed validity evidence based on inter-
nal structure and relations to other scales. Factor
analyses consistently replicate the expected five-
factor structure, with strong invariance across gen-
der and ethnic groups (Constantinescu and Con-
stantinescu, 2016; Buchanan et al., 2005; Ehrhart
et al., 2008). Validity is shown through substantial
correlations with other Big Five instruments includ-
ing the NEO Five-Factor Inventory (Gow et al.,
2005), the Ten Item Personality Inventory (Ypo-
fanti et al., 2015), and the Eysenck Personality
Questionnaire—Revised (Gow et al., 2005), often
above .60.

2.1.2 TPIP-BFM-50 with Al-neutralization
(IPIP-BFM-50-AI)

To systematically reduce social desirability bias in

personality assessments, we developed a tailored

prompt for GPT-03, producing the IPIP-BFM-50-

Al GPT-03 was selected for its strong instruction



following, long-context reasoning, and coherent,
multi-step outputs (Kim et al., 2025; Ballon et al.,
2025; OpenAl, 2025). Our design draws on Béck-
strom et al.’s manual rewriting strategies (Béck-
strom et al., 2014), emphasizing reduced evalua-
tive language, preserved behavioral meaning, and
midpoint-oriented phrasing—methods shown to re-
duce item popularity while maintaining validity.
Beyond psychometric strategies, the prompt in-
corporates techniques to boost effectiveness and
interpretability. It frames GPT-03 as an expert psy-
chometrician (Kong et al., 2023), applies chain-of-
thought prompting (Wei et al., 2022) to structure
reasoning, and enforces transparency through struc-
tured outputs with justifications, bias ratings, and
fidelity checks (Schneider, 2024). The full prompt
and generated items are included in the appendix.

2.1.3 The Marlowe-Crowne Social
Desirability Scale (MC-SDS) short form

The SDS is a validated and widely used mea-
sure for assessing socially desirable responding.
The Marlowe—Crowne Social Desirability Scale
(MC-SDS) short forms, particularly the 13-item
Reynolds version, exhibit acceptable internal con-
sistency (o = .76 (Reynolds, 1982)) and very high
correlations (.80-.90 (Ii and Sipps, 1985)) with the
full 33-item scale. This evidence supports their
reliability and validity.

2.2 Participants and Data Collection

Participants were recruited online through public
advertisements and social networks. Eligibility
required age 18 or older, and consent to partici-
pate. After reading the study information page and
providing informed consent, participants were ran-
domly assigned to complete either the original or
the Al neutralized version of the IPIP-BFM-50, cre-
ating a between-group design with two independent
samples. The two forms used identical content do-
mains but different wording where applicable for
the Al-neutralized version. To prevent memory
and sequence effects, item order was independently
randomized within each version, and the version
order was counterbalanced across participants. The
response format used a 5-point radio-button scale
for all items. The Marlowe—Crowne Social Desir-
ability Scale (short form) was administered after
one of the two IPIP administrations. Demographic
information (age, gender, education, occupation)
was collected at the end to minimize priming. All
participants were voluntary recruited by an online

link, operated and delivered by a free online survey
tool Wjx '. We collected 203 response, 102 for
Original version and 101 for Neutralized version.
After excluding all cases with incomplete items, the
sample size was finalized to be 200, each version
with 100 responses.

2.3 Evaluation Strategy and Hypothesis
2.3.1 Effectiveness of neutralization.

Item and scale level indicators. We will compare
item popularity (means, SDs) and scale means be-
tween original and Al-neutralized items to check
that highly evaluative items show reduced extreme
endorsement without loss of variability.

Desirability linkage. Estimate the correlation
of each domain with MC-SDS for the original and
neutralized versions within persons. Test whether
the neutralized version shows a smaller association
with MC-SDS.

2.3.2 Validity evidence following the
Standards.

Internal structure and reliability. For each ver-
sion, test unidimensionality within each domain
via CFA or IRT dimensionality checks, then test
cross-version invariance (configural, metric, scalar)
and report reliability (Cronbach alpha).

Relations to other variables. As discrimi-
nant evidence, verify that neutralized scales show
weaker correlations with social desirability than
originals, while preserving expected convergent
patterns with established Big Five constructs.

2.3.3 Hypothesis

Results from all analysis above can be used to
check the following hypothesis:

1. H1 - reliability: Neutralized domains will
demonstrate acceptable reliability that is com-
parable to originals.

2. H2 - structure: Each domain will show a sin-
gle intended factor per version and acceptable
cross-version invariance indices.

3. H3 - relations: Neutralized domains will
maintain expected convergent patterns with
Big Five constructs while showing reduced
linkage to social desirability.

https://www.wjx.cn/



3 Results

Two balanced groups completed the original and
Al-neutralized versions (n = 100 each). As shown
in Table 1, most participants were between 26 and
40, and there were also respondents aged from 41
to 50, as well as a small 60+ group. Gender dis-
tributions were comparable across versions, with
roughly equal numbers of men and women. The
groups appear demographically similar, supporting
a fair comparison of psychometric results between
original and neutralized items.

[Table 1 about here.]

3.1 H1: Reliability

Reliability was largely preserved after neutraliza-
tion. As shown in Table 2, extraversion and Neu-
roticism remained high in both versions. Conscien-
tiousness improved in the neutralized form. Agree-
ableness and Openness decreased, with Agreeable-
ness dropping to the mid .50s — .60s. Overall, al-
pha and omega were acceptable for most domains,
indicating that neutralization did not broadly under-
mine internal consistency, though Agreeableness
warrants caution. These findings support H1 with
noted caveats.

[Table 2 about here.]

3.2 H2: The Validity Evidence from Internal
Structure

Single-group confirmatory factor analyses (CFAs)
supported the intended five-factor structure for each
version. As shown in Table 3, model fit was accept-
able for the original version (CFI ~ .97, TLI ~
.97, RMSEA =~ .06) and marginally weaker
for the neutralized version (CFI ~ .97, TLI =
.96, RMSEA = .08). Both versions retain the
five-factor structure, but the higher RMSEA in the
neutralized form points to a few items needing tar-
geted wording revision.

Multi-group tests showed that configural form
held, but metric and scalar constraints produced
significant misfit with elevated RMSEA, indicating
a lack of full cross-version equivalence. Thus, Hy-
pothesis 2 is partially supported: the structure repli-
cates within versions, but strict invariance across
versions was not achieved. Configural invariance
was supported, indicating that the neutralized and
original versions share the same five-factor pat-
tern and item-to-factor assignments. This shows
that neutralization preserved the construct blueprint.
However, subsequent metric and scalar constraints

did not hold, which implies differences in loadings
and intercepts across forms. Scores can be inter-
preted within each form using the same domain
structure, but cross-form comparisons of factor
means should be deferred until partial invariance
or alignment is applied.

[Table 3 about here.]

3.3 H3: The Validity Evidence from Relations
to Other Variables

As shown in Table 4, the results highlight dif-
ferences in correlations between individual items
across the five dimensions and the SDR score. It
is expected to observe a decrease in difference for
absolute value of correlation (no matter a positive
or negative), indicating a decrease of influence by
SDR. However, we can observe correlations are in-
crease for some items. We conduct the Steiger’s Z
test to check whether the change in correlation sig-
nificant, and 6 items indicate a significant change.
Among them, five are decrease and one increase.

The neutralized items demonstrated reduced as-
sociations in several cases, supporting the intended
effect. However, the presence of increases under-
scores uneven performance across content. Overall,
H3 is partially supported: the tool attenuates social
desirability bias for many items, but not consis-
tently across the full instrument.

Table 5 further showed details about what items
was assessed to have significant change in correla-
tions with SDR after neutralization. The changes
align with specific linguistic mechanisms. For Ex-
traversion, neutralized phrasings replace overt sta-
tus claims with modest, observable behaviors or in-
ternal states. This lowers self-presentational stakes
and reduces the incentive to answer in a socially ap-
proved way. For Openness, edits remove prestige
cues (for example, “rich vocabulary”) and normal-
ize difficulty with abstract content. Endorsing these
becomes less face-threatening, so links to desir-
ability weaken. The Agreeableness increase arises
from hedged, evaluative wording (“others might
find rude” and “sometimes”). This introduces norm
salience and plausible deniability, inviting impres-
sion management more than the blunt behavior la-
bel “insult people.” In short, SDR decreases when
wording is concrete, behavioral, and low in status
or virtue signals; SDR increases when wording in-
vokes social judgment, hedges frequency, or allows
reframing of intent.

To sum up, Al neutralization works, but not uni-



formly. It maintains reliability in most domains,
preserves the factor structure within forms, and re-
duces desirability in several areas. The costs are
local and fixable: a handful of items drive non-
invariance and dips in Agreeableness and Open-
ness. Treat scores as within-form for now, apply
partial invariance or alignment for cross-form com-
parisons, and revise the flagged items to restore
behavioral precision while keeping neutral tone.

[Table 4 about here.]

[Table 5 about here.]

4 Discussion

The findings indicate that Al-based neutralization
can reduce socially desirable responding while pre-
serving the intended construct structure of a Big
Five inventory. Single-group CFAs recovered the
five-domain pattern in both versions, which sug-
gests that the core representation of the traits re-
mained intact after neutralization. Multi-group
analyses supported configural invariance but not
metric or scalar invariance, which implies that
some item—factor relations and intercepts changed
across versions. Reliability remained acceptable
for most domains, improved for Conscientiousness,
and declined for Agreeableness and Openness. As-
sociations with a social desirability criterion de-
creased for several items, with notable exceptions
in Agreeableness. Together, the results support Al
neutralization as a viable wording intervention that
targets response bias without altering trait identity.

4.1 Construct representation and
measurement comparability

The preserved five-factor structure indicates that
neutralization did not shift the meaning of the con-
structs, which aligns with evidence that the Big
Five structure is robust across formats and raters
(McCrae and Costa, 1987). The lack of metric
and scalar invariance signals that item functioning
changed across versions, so cross-form compar-
isons of means should not be made without par-
tial invariance or alignment solutions (Byrne et al.,
1989; Putnick and Bornstein, 2016). Within each
form, factors can be interpreted in the usual way.
Across forms, unit and intercept differences should
be addressed before comparing group or condition
means.

4.2 Domain-specific reliability shifts

Conscientiousness reliability increased in the neu-
tralized form, which is consistent with the idea that
removing evaluative phrasing can sharpen behav-
ioral focus and raise inter-item coherence. Declines
in Agreeableness and Openness suggest that some
edits broadened meanings or removed construct-
diagnostic cues that previously fostered homogene-
ity. This pattern is compatible with prior work
showing that evaluative wording can inflate inter-
nal consistency by cueing a general “goodness” fac-
tor, and that neutralizing language can reduce that
inflation while leaving substantive variance intact
(Béackstrom et al., 2014; Bickstrom and Bjorklund,
2013).

4.3 Why correlation with SDR changed

Reductions in correlation with social desirability
appear, when wording shifts from status or virtue
claims to concrete behaviors or internal states. This
likely weakens impression management, which is
one facet of socially desirable responding (Paulhus
and Reid, 1991). Increases were observed when
neutralized items introduced hedges or explicit
social judgment cues, which can heighten norm
salience and invite self-presentation. These mecha-
nisms align with research on common method bias
and evaluative content as drivers of spurious co-
variance and inflated correlations (Podsakoff et al.,
2003; Backstrom and Bjorklund, 2013).

4.4 TImplications for Al-assisted item editing

The results indicate the potential of Al-assisted
item editing. Recent research has shown that LLMs
themselves exhibit human-like social desirability
biases when responding to personality question-
naires, which implies that they are sensitive to the
evaluative cues embedded in item wording and may
therefore be leveraged to identify and mitigate such
bias (Chan et al., 2025). This capacity provides a
foundation for the observed reduction in socially
desirable responding when items are neutralized
with Al support.

However, as the results suggest, a one-time out-
put from a single prompt may not achieve the
ideal output. Studies across multiple domains have
found that single-shot generation often produces
variable quality and is less reliable for tasks requir-
ing precision, nuance, or consistency (Patel et al.,
2023; Sahoo et al., 2024). The variability is partly
due to the probabilistic nature of LLMs and the dif-



ficulty of capturing subtle linguistic properties in
a single attempt. Research on prompting and itera-
tive generation shows that multiple candidates and
refinement loops generally outperform one-shot
outputs, which supports the interpretation that item
editing requires more than a single pass (Cheng
et al., 2024; Xue et al., 2025a).

Besides using single prompts, other techniques
for enhancing large language model behavior are
suggested. For the model itself, domain-specific
fine-tuning has been shown to substantially im-
prove performance even when only a small amount
of high-quality training data is available (Jeong,
2024; Satterfield et al., 2024). In this context, in-
cluding pairs of successfully human-edited and neu-
tralized items could increase the model’s ability to
generate valid revisions. However, such data are
difficult to obtain, and constructing this type of
dataset is therefore an important future direction.

To add control to the system, multiple agents
can be combined to provide feedback and review
of generated items. One approach is to use another
large language model as a reviewer, which can rate
and critique generated items. Generate—feedback
loops of this kind have proven effective in other
domains, such as reasoning and dialogue, by rein-
forcing higher quality outputs through self-critique
and refinement (Li et al., 2024b; Madaan et al.,
2023). Beyond automated feedback, incorporating
humans in the loop transforms item generation into
an iterative process. In such a cycle, participants
test the items, results are analyzed, and the items
are further refined based on psychometric evidence.
This practice reflects established best practices in
test development (Eignor, 2013), where iterative
pilot testing and expert review are essential to en-
sure reliability and validity. Yet, the human-LLM
collaboration still remains unexplored in the item
editing field.

In summary, the results highlight the potential
of Al-assisted item editing but also point to cur-
rent limitations when relying on single-prompt out-
puts. Future development will benefit from domain-
specific fine-tuning, multi-agent or human-in-the-
loop feedback mechanisms, and iterative refine-
ment processes that mirror traditional psychomet-
ric standards. Together, these strategies can convert
Al neutralization into a reproducible pipeline that
reduces bias while maintaining the measurement
of intended psychological constructs.

4.5 Limitations

The study used a single language, a single instru-
ment, and a between-groups design in a low-stakes
context. Social desirability effects can be stronger
under incentives to self-present, which limits gen-
eralizability to high-stakes settings. All measures
were self-report and collected in one session, which
raises the possibility of common method variance
despite anonymity instructions. The analyses fo-
cused on internal structure, reliability, and asso-
ciations with a bias criterion, so criterion-related
validity with external outcomes remains untested
for the neutralized form.

Future work should test neutralized items in
high-stakes contexts, use within-person designs
to estimate per-respondent reductions in bias, and
include informant or behavioral criteria to ad-
dress common method concerns. Partial invariance
searches or alignment should be applied to enable
cross-form comparisons, and results should docu-
ment the number and type of freed parameters. The
Al pipeline should be benchmarked across mod-
els and prompts, with a reusable library of prompt
patterns and failure cases by domain. Replication
across languages and populations, test-retest stud-
ies, and evaluation of predictive validity will clarify
whether bias reduction is achieved without loss of
criterion-related information.

5 Conclusion

Al-based neutralization reduced social desirabil-
ity bias while preserving the Big Five construct
structure. Reliability shifts varied across domains,
improving for Conscientiousness but declining for
Agreeableness and Openness, reflecting the influ-
ence of evaluative language on internal consis-
tency. Configural invariance was supported, but
metric and scalar invariance were not, indicating
that cross-form comparisons require partial invari-
ance or alignment methods. The discussion high-
lights that Al-assisted item editing is promising but
uneven, and future development should emphasize
domain-specific fine-tuning, iterative refinement,
and human-in-the-loop validation to ensure stable
and valid measurement.
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A Appendix
The Prompt for Neutralizing Self-Report Items

You are an expert psychometrician. Your goal is
to reword self-report survey items so they measure
the intended vocational interest while minimizing
social desirability bias.

Social desirability bias is a type of response bias
in research where participants tend to answer ques-
tions in a way that they believe will be viewed fa-
vorably by others, rather than providing completely
honest or truthful responses.

Follow these rules:

» Evaluate each item’s social desirability bias.
Give each item a score within -5 to 5 where 0
represents the lowest social desirability bias,

5 represents positive social desirability bias
(people want to choose the item because they
think the item is favorable), and -5 represents
negative social desirability bias (people do not
want to choose the item because they think
the item is unfavorable). Keep the item un-
changed if its social desirability bias score is
in the zone from -1 to 1.

* Think step-by-step — identify value-laden
terms, propose alternatives, and self-check
that the new wording still reflects the origi-
nal behaviour, and that the new wording re-
duces the social desirability bias — but do not
reveal your reasoning.

e Remove or soften status-, value-, or social
desirability-laden words.

* Construct an item that you would find less
desirable yourself.

* If the adjective is evaluatively positive, use a
less evaluative one, or rephrase in a way that
makes the adjective less evaluative.

* Do not change an item from positive to nega-
tive (direction).

e Think of whether the item is reversed or not.

e Preserve each item’s core behavioural mean-
ing.

* Pay attention to the dimension of each state-
ment. Do NOT change the dimension of each
statement.

* Explain your change in natural language for
each statement, and give your change a score
to indicate its new social desirability bias.

Output format:
Please output the results in a 5-column table titled
Neutralized Items, with the following headers:

SD Score | Neutralized |
SD Score

Each statement is tagged with a dimension based on
the Big Five personality traits. Use the following
codes:

Original |
Reason |

* A: Agreeableness
¢ C: Conscientiousness

e N: Neuroticism


https://proceedings.mlr.press/v264/xue25a.html
https://proceedings.mlr.press/v264/xue25a.html
https://proceedings.mlr.press/v264/xue25a.html
https://doi.org/10.1109/TG.2025.3563780
https://doi.org/10.1109/TG.2025.3563780

* O: Openness to Experience

¢ E: Extraversion

The sign "+" or indicates whether the item is
positively or negatively phrased within that dimen-
sion.
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Table 1: Socio-demographics Variable

Age Original count Neutralized count
18-25 9 13

26-30 17 24

31-35 59 52

36-40 8 6

41-50 6 3

Over 60 1 2

Gender

Male 49 46

Female 51 54

Table 2: Reliability for All Subscales

Original Neutralized
Subscale Alpha Omega Alpha Omega
Extraversion 0.90 0.91 0.87 0.89
Agreeableness 0.67 0.71 0.59 0.63
Conscientiousness 0.73 0.77 0.79 0.81
Neuroticism 0.91 0.91 0.94 0.94
Openness 0.78 0.78 0.66 0.71

Table 3: Confirmatory Factor Analysis Model Fit on the Big Five Personality Model

Single-group CFA fit

Group x? (scaled) df p (scaled) CFI TLI RMSEA [90% CI] SRMR

Original 1284.957 1165 <0.001 0972 0971 0.060[0.033,0.079]  0.093
Neutralized 1336.244 1165 <0.001 0965 0963 0.078[0.055,0.097]  0.101

Multi-group invariance

Model Df AIC BIC x> Adf Ax? p
Configural 2330 25254 26309 4576.3 — — —
Metric 2375 25361 26268 47738 45 197.51 <0.001
Scalar 2420 25624 26383 51270 45 353.16 <0.001
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Table 4: Difference in the Correlations with the SDR

Extraversion Agreeableness Conscientiousness Neuroticism Openness

delta -0.14 0.06 -0.11 0.12 0.00

p 0.26 0.66 0.43 0.34 0.98

delta -0.09 -0.03 -0.01 0.11 -0.29

p 0.47 0.84 0.96 0.41 0.03*

delta 0.16 0.28 0.07 0.04 -0.29

p 0.19 0.03* 0.58 0.77 0.04*

delta -0.45 0.10 0.03 0.16 -0.03

p <0.001 0.49 0.83 0.20 0.81

delta -0.12 -0.12 0.10 -0.13 0.21

p 0.37 0.36 0.41 0.29 0.14

delta -0.13 0.00 -0.05 0.14 -0.02

p 0.29 0.98 0.71 0.24 0.86

delta -0.14 -0.11 -0.05 0.06 0.06

p 0.28 0.37 0.72 0.60 0.62

delta -0.24 -0.09 0.09 0.18 -0.07

p 0.05%* 0.53 0.45 0.16 0.64

delta -0.07 0.08 0.18 0.05 -0.26

p 0.58 0.58 0.20 0.68 0.06

delta 0.10 0.01 0.00 0.04 0.14

p 0.44 0.94 0.98 0.73 0.28

Table 5: Original and neutralized items with SDR correlation changes
Version Items Personality Direction Correlation with
SDR after neutral-
ization

Original Don’t mind being the center of attention. Extraversion Positive
Neutralized Feel fine when attention is on me. Extraversion Positive Decrease
Original Am the life of the party. Extraversion Positive
Neutralized Often take an active role in group conversations. Extraversion Positive Decrease
Original Insult people. Agreeableness Negative
Neutralized Sometimes say things that others might find rude. = Agreeableness Negative Increase
Original Have a rich vocabulary. Openness Positive
Neutralized Know and use a variety of words. Openness Positive Decrease
Original Have difficulty understanding abstract ideas. Openness Negative
Neutralized Find abstract ideas challenging. Openness Negative Decrease
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