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Abstract 
Understanding language is crucial to psychological research, as it is the basis for most psychological measurements. Building 
on previous work, we conducted a preregistered replication study, analyzing 876 person descriptors generated by 
187 participants using a free response format. These person descriptors were rated for social desirability, observability, 
importance, abstractness, base rate, and stability by approximately 15 human raters each (n = 456). Key findings were 
replicated, including a bimodal distribution of social desirability, a greater number of negative vs. positive person de-
scriptors, and a U-shaped relationship between importance and social desirability. Furthermore, human ratings of social 
desirability could be closely approximated using a fine-tuned encoder model and GPT-4o. However, GPT-4o’s performance 
in approximating human ratings of the other person descriptor properties showed some deviations. This suggests that, 
despite showing potential for more economical data collection, there is significant room for improvement in using AI-
applications for emulating human ratings of natural language person descriptors. 
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Introduction 
The natural language is the basis for most psychometric 
measurements, including measurements of personality. 
Given that most self- and other-ratings of personality use 
items phrased in natural language terms, it is important to 
develop a systematic understanding of the properties of 
those terms. Without such an understanding, there is sub-
stantial risk of misinterpreting research findings. Correla-
tions between items may be interpreted as “substantive” 
(i.e., reflecting associations between the behaviors that they 
refer to) when in fact they may be rooted in other influences 
(e.g., shared evaluation; Leising et al., 2025). Generally 
speaking, different term properties may shape judgments by 
way of meaningful interactions with properties of per-
ceivers, targets, and perceiver-target dyads. 

In the present paper, we draw a representative sample of 
personality-descriptive adjectives (hereafter referred to as 
descriptors) and jointly investigate six key properties that 

distinguish these descriptors from one another (Leising 
et al., 2014; Wessels et al., 2025): Social desirability, 
observability, base rate, abstractness, stability, and im-
portance. We determine how reliable properties can be 
rated by human participants, how the properties are dis-
tributed, and how ratings statistically relate to one another. 
In doing so, we attempt a near-identical, preregistered 
replication of previous findings reported by Leising et al. 
(2012, 2014). By publishing our data, we also aim to 
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enable more generalizable and replicable studies of person 
judgments using the natural language. In addition, we 
derive synthetic ratings of the same sample of descriptors 
by Large Language Models, and determine their compa-
rability to human ratings. The use of synthetic ratings may 
pave a way for greater research efficiency in the future. 

Descriptor Properties 
Social desirability denotes the extent to which the use of a 
descriptor to describe a person sheds a positive light on that 
person (Edwards, 1953). Notably, the same behaviors can 
be portrayed positively (e.g., “meticulous”) or negatively 
(e.g., “obsessive”) by using descriptors varying in social 
desirability (B¨ om et al., 2009; John & Robins, 1994;ackstr¨ 
Leising et al., 2015; Nederhof, 1985; Peabody, 1967; 
Wood et al., 2021). 

Observability pertains to how visible or detectable a 
trait is to an observer (Funder & Dobroth, 1987), that is, 
how easily it can be inferred from observed behavior. 

Abstractness pertains to the breadth of different be-
haviors that are relevant to describing persons with a 
descriptor (Burgoon et al., 2013; Della Rosa et al., 2010; 
Hampson et al., 1986; John et al., 1994; Mõttus et al., 
2017). 

Stability concerns the extent to which the use of a 
descriptor implies a claim that the referenced behaviors are 
stable over time (Bleidorn, 2012; Wood & Wortman, 
2011). 

Importance reflects the perceived relevance of knowing 
that certain traits are being attributed to someone (Cottrell 
et al., 2007; Williams et al., 1998; Wood, 2015). 

Base Rate is the proportion of persons to which a 
descriptor is assumed to apply (Funder & Dobroth, 1987). 

It needs to be acknowledged that there is some con-
ceptual ambiguity associated with some of these descriptor 
properties. Further, while these properties are conceptually 
distinct, previous research has shown that, empirically, 
there is some overlap between them. For example, positive 
descriptors seem to be more abstract than negative ones, an 
example of valence asymmetry (Baumeister et al., 2001; 
Unkelbach et al., 2008). 

Replication Targets 
We attempted to replicate some key findings from a 
previous study by Leising et al. (2012, 2014), and expected 
the following: (a) Interrater reliability (ICC(2,k)) for all six 
properties exceeding 0.80. (b) a predominance of negative 
over positive descriptors of approximately 60%, (c) social 
desirability ratings of negative descriptors that are more 
extreme (i.e., evaluative) than those of positive descriptors, 
(d) a pattern of correlations among the six descriptor 
properties similar to the one obtained by Leising et al. 
(2014), for both zero-order and partial correlations (r >  

.80), (e) social desirability ratings exhibiting a bimodal 
distribution, but unimodal distributions for all other de-
scriptor properties. These expectations were pre-registered 
before data collection. 

Synthetic Ratings 
Recent advances in the field of natural language processing 
have yielded large language models (LLMs) which in-
creasingly demonstrate value for the social and behavioral 
sciences. For example, research by Hommel (2023) in-
dicated that transformer models can be trained to predict 
how survey respondents perceive item desirability (r = 
.80). Our study aimed to replicate this finding, focusing on 
descriptors not previously rated or used in the training 
process, to validate synthetic ratings against human social 
desirability ratings. However, since Hommel’s transformer 
model could not be used to rate descriptor properties other 
than social desirability, we also used OpenAI’s GPT-4o 
(OpenAI, 2024), a general-purpose LLM, to try to ap-
proximate human ratings of person descriptors on all six 
properties. Substituting human raters with synthetic esti-
mates has the potential to drastically increase the cost-
effectiveness and feasibility of collecting such ratings, as 
recruiting human raters is expensive and labor-intensive. 

Methods 
The authors declare that they have no conflicts of interest. 
The study consisted of three preregistered phases: de-
scriptor generation, descriptor rating, and comparison of 
synthetic with human ratings. All funding came from 
internal resources. Hypotheses and methods for each phase 
were preregistered (2022-09-25, 2022-10-28, 2023-11-13) 
before data collection and are publicly available. The 
analysis plan was not preregistered. All materials, data, 
and annotated R scripts are publicly available. AI was used 
to refine the writing. 

Participants 
A total of 643 participants, fluent in German, were re-
cruited, with 187 in the first phase and 456 in the second. 
Participants varied in age (M = 39.9, SD = 14.7) and were 
predominantly female (79.7% in the first, 74.6% in the 
second phase). The first sample showed a tendency to 
contain a disproportionate amount of participants with 
high education (29.4% had no or low secondary education, 
43.9% had higher secondary education and 23% held a 
university degree), and this tendency was even more 
pronounced in the second sample (7.7% had no or low 
secondary education, 54.4% had higher secondary edu-
cation and 36% held a university degree). Descriptive 
statistics of sociodemographic measures of both samples 
can be found in supplemental files in the OSF folder. 

https://osf.io/ye5mh
https://osf.io/mpxse/files/
https://osf.io/mpxse/files/
https://journals.sagepub.com/doi/suppl/10.1177/27000710251391608
https://osf.io/qh32m
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Recruitment methods varied, with university and social 
media ads for the first phase and mainly Meta (Facebook) 
for the second. Monetary rewards of varying sizes were 
offered across phases (Sweepstakes for the first phase and 
€10 per participant for the second). The target sample size 
for the first phase was 150 participants, based on prior 
studies (Leising et al., 2012, 2014). The target sample size 
for the second phase was 450 raters, which was determined 
through an a priori power analysis to achieve an ICC(2,k) 
of .80 (α = .05). However, we planned to collect data from 
500 individuals to account for exclusions due to careless 
responding (Arifin, 2023; Bonett, 2002; Walter et al., 
1998). 

Materials 
The first phase was used to generate a comprehensive and 
representative sample of descriptors, as we employed the 
methodology established by Leising et al. (2012, 2014). 
Participants were instructed to describe themselves and 
people they knew and liked to varying degrees. Specifi-
cally, they were asked to think of someone they knew well 
and liked (e.g., a family member), someone they knew well 
but did not like (e.g., a disliked colleague), someone they 
did not know well but liked (e.g., a celebrity), and someone 
they neither knew well nor liked (e.g., a disliked boss). For 
each category, participants were requested to provide 
between 3 and 10 descriptors. 

In the second phase, each participant rated 175 de-
scriptors on one descriptor property (e.g., social desir-
ability) assigned to them. Raters were provided with a 
definition of the descriptor property and used a percentile 
scale (from 0 to 100) to indicate how strongly the de-
scriptor property applied to each descriptor. The number of 
descriptors was chosen to allow each set of ratings to be 
completed in a single sitting. 

The verbal anchors used for these ratings can be found 
in Table 1. Complete details of the instructions and all 
materials used in the study can be found in the preregis-
tration (in the OSF respository). 

Both phases were conducted online. Participants pro-
vided socio-demographic data about themselves and de-
scriptions of targets, which were then rated in the second 
phase along the properties. Additionally, participants 
evaluated a number of public figures. This data was not 
analyzed for the present study. 

Analysis of Synthetic Ratings 
Synthetic ratings were generated using a transformer 
model trained to predict human judgments of social de-
sirability in survey items (Hommel, 2023; Hussain et al., 
2023). This model built on a sentiment classifier originally 
designed to predict categorical valence (Barbieri et al., 
2022). Given the strong link between valence and social T
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desirability (e.g., Britz et al., 2019, 2022), the model 
successfully adapted to predict z-standardized desir-
ability scores having used data from 14 independent 
studies. For previously unseen items, synthetic esti-
mates correlated strongly with human ratings (r = .80), 
which clearly outperformed the original sentiment 
model (r = .66; Hommel, 2023). However, being initially 
trained as a sentiment classifier could have still limited 
the alignment with human ratings due to some con-
ceptual differences between sentiment and desirability. 

Determining the “neutral point” for synthetic ratings 
presented a bit of a challenge. Consistent with Leising et al. 
(2014) and our own findings (see Results), participants, 
who were given a 0 to 100 scale tended to produce bimodal 
distributions of social desirability, with more negative than 
positive ratings. As a result, the empirical mean of such 
ratings tended to lie slightly below the numerical midpoint 
of 50. The LLM, however, was trained on z-standardized 
human ratings, where the mean (M = 0) corresponded to 
this slightly negative empirical value. This means that, 
unlike on the 0 to 100 scale where 50 was defined as 
neutral by convention, the LLM’s “neutral” point would 
have been set to a value that is already somewhat negative. 
To correct this misalignment, we calculated an adjusted 
mean, defined by the average synthetic rating for the 
30 descriptors rated closest to neutral (i.e., 50 on the 0 to 
100 scale) by humans. This adjustment aligned the LLM’s 
point of neutrality more closely with that of human 
perception. 

We also used OpenAI’s GPT-4o (OpenAI, 2024) ap-
plication programming interface (API), a general purpose 
LLM, operated through R Studio to obtain synthetic rat-
ings for all properties, not just social desirability. Unlike 
ChatGPT, the API processed each request independently, 
with no memory of prior interactions with the user. Each 
descriptor produced by human participants in the first 
phase, and rated by human participants in the second 
phase, was also rated by GPT-4o. GPT-4o received the 
same instructions and rating scale as human raters, 
without any role-specific prompting or changes to hy-
perparameters. These ratings were obtained using de-
fault, non-deterministic settings, which meant that the 
LLM did not typically assign exactly the same rating to 
the same descriptor in repeated trials. To account for this 
stochastic variability, each descriptor was rated 
15 times, and the ratings were then aggregated. Reli-
ability across trials is reported below. Given the highly 
exploratory nature of these analyses, we did not 
preregister them. 

Data Quality and Careless Responding 
The study achieved its target sample size in both phases. In 
phase one (descriptor generation), 187 participants com-
pleted the questionnaire. In phase two (descriptor ratings), 

587 participants completed the questionnaire. No careless-
response checks were needed for phase one due to its open-
ended format. Phase two offered a €10 incentive and used 
checks for careless responses, including any failure to 
select “can’t answer” when presented with fake descriptors 
or the excessive use of the “can’t answer” option for real 
descriptors (>15%). Instructed response items were in-
cluded as well, but not used for exclusion due to technical 
issues on mobile devices. After 153 careless respondents 
were excluded, a total of 456 valid cases were retained and 
used for analysis. We note that the high exclusion rate 
(26%) may have partly been due to the decision to remove 
participants with excessive use of the “can’t answer” 
option, given that such response patterns may have 
sometimes reflected genuine uncertainty rather than 
careless responding. 

Results 

Data Preparation and Analysis Plan 
In accordance with the second preregistration, descriptors 
were excluded if they described physical attributes, nouns 
or verbs without an equivalent adjective form, references 
to real human beings (e.g., “Albert Einstein”), or words 
outside the German language or with unclear meaning, as 
defined by the dictionary (Duden, 2020). In several in-
stances, we modified the descriptors (as provided by 
participants) in order to align them with the above criteria. 
If possible, words were adapted to their adjective forms, 
rare variants were replaced with more common ones (e.g., 
“devotedly” → “devoted”), and typos were corrected in 
order to lemmatize the words. Additionally, for descriptors 
not typically found in the Duden’s German language 
corpus (e.g., “unsuperficial”) that were still grammatically 
valid and understandable, exceptions were made to retain 
them. The final list was then compared to the list of Leising 
et al. (2014). 

As we expected more negative than positive de-
scriptors, we split descriptors into two categories based 
on whether they fell above or below the scale midpoint of 
50 (on a 0–100 scale). A two-sided binomial test was used 
to compare the proportion of positive vs. negative de-
scriptors. An independent samples t-test then assessed 
whether negative descriptors were more extreme than 
positive ones. To compare the correlational pattern be-
tween properties with the one found in Leising et al. 
(2014), we computed partial correlations and 95% con-
fidence intervals, and then compared zero-order corre-
lations using Pearson’s r. To examine the expected 
U-shaped relationship between importance and social 
desirability, we analyzed the correlation between im-
portance and squared z-standardized social desirability, 
visualized with a scatterplot. 

https://osf.io/2mg7f
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Replication Attempt 
The first phase generated 4,369 person descriptions, cat-
egorized as self-descriptions (25.6%), liked acquaintances 
(21.7%), disliked acquaintances (19.8%), liked but less 
known individuals (17.1%), and neither known nor liked 
individuals (15.8%). Among the most common descrip-
tors, only 4 of the top 15 were negative (‘egotistical’, 
‘arrogant’, ‘dishonest’ & ‘pretentious’). From 1,285 dis-
tinct descriptors identified, only 876 remained after fol-
lowing the steps defined earlier. Of those descriptors, 413 
(66.2%) were shared with the 624 descriptors retained by 
Leising et al. (2012), which showed a significant overlap 
that was still short of the predicted 80%. Both the initial list 
with frequencies and the refined list of descriptors are 
available in the OSF folder. 

For the second phase, each of the 456 participants rated 
around 175 descriptors. On average, each descriptor re-
ceived ratings from 15.2 raters on each property. Table 2 
presents descriptive statistics and distributions of the rated 
properties. 

ICC(2,k) values quantifying inter-rater reliability are 
presented in Table 2 and in the supplemental files. In the 
preregistration, based on the results of Leising et al. 
(2014), we had established .80 as the expected lower 
threshold for these values. Only ratings of social desir-
ability (.98) surpassed this expectation, whereas ratings of 
observability (.78), importance (.75), base rate (.73) and 
stability (.79) narrowly missed it. Inter-rater reliability for 
ratings of descriptor abstractness was substantially 
lower (.57). 

As most of these values were lower than in the previous 
study by Leising et al. (2014), it was clear that there was 
more variance in the way participants rated descriptor 
properties. On the one hand, we speculate that having 
used an online questionnaire in the present study may 
have incurred a certain proportion of systematic error that 
we were unable to detect. However, we also consider it 
possible that the increased variance might reflect less 
shared idiosyncratic understanding of descriptor prop-
erties and may just be a reflection of a more diverse 
sample (in terms of language use) than the previous 
studies. 

Further, it could be shown that social desirability, unlike 
the other properties, was bimodally distributed, which 
aligned with preliminary findings (Figure 1). A two-tailed 

Figure 1. Frequency Distribution of the Social Desirability 
Ratings of the 876 Descriptors. The Rating Scale Ranged From 
0 (Low) to 100 (High) 

binomial test revealed that 56.3% of descriptors were 
negative, significantly exceeding positive descriptors (p < 
.001). We used Cohen’s h as an estimate for effect size and 
found h = 0.25, which indicated a small effect (Cohen, 
1988) and confirmed the hypothesis. Furthermore, nega-
tive descriptors showed a greater average negativity than 
the positive descriptors showed average positivity (Welch 
t-test: t(876) = 5.44, p < .001). This was interpreted as a 
small effect (Cohen’s d = 0.37; Cohen, 1988), indicating 
that positive descriptors were less evaluative than negative 
descriptors, thereby supporting the initial prediction. 
While we predicted this, the result was not trivial, 

Table 2. Human Ratings of Person Descriptors: Interrater-Reliability, Means, Standard Deviations and High and Low Average Ratings 

Property Reliability M S Descriptors with the highest average ratings Descriptors with the lowest average ratings 

Observability .78 58.6 12.4 Well-groomed, talkative, loud Bisexual, religious, prone to addiction 
Abstractness .57 43.5 10.8 Difficult, intense, dumb Bisexual, despotic, misogynous 
Stability .79 57.4 13.1 Positive, family-oriented, gay Whacked, confused, offended 
Importance .75 52.4 13.0 Honest, respectful, reliable Gay, unique, unathletic 
Base rate .73 48.3 13.0 Humane, nice, confident Bigoted, war-fanatic, undignified 
Social desirability .98 45.3 27.6 Trustworthy, reliable, respectful Homophobic, violent, power-abusing 

Note. 876 descriptors were rated by 456 participants. M = mean, S =  standard deviation, Reliabilities are represented by ICC(2,k) values. 

https://osf.io/mpxse/files/
https://journals.sagepub.com/doi/suppl/10.1177/27000710251391608
https://osf.io/2mg7f
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considering that the instruction required to describe two 
liked targets and the self (which were generally also as-
sumed to be liked), compared to only two targets that were 
unliked. Accordingly, participants also provided the 
highest average amount of descriptors for the self and the 
known and liked target (25.6%/21.7%). Just based on 
probability, the opposite hypothesis (i.e., more positive 
descriptors) could have been assumed, underscoring the 
significance of this finding. 

The correlations of the properties were analyzed as 
zero-order and partial correlations (i.e., the latter con-
trolling for the other properties). Furthermore, the corre-
lation pattern of the new sample was compared with the 
one from Leising et al. (2014). Table 3 presents the cor-
relations of the correlation patterns of both samples. 
Overall, the zero-order correlations in the two studies 
correlated at r(13) = .66 with one another, p = .007, 
whereas the partial correlations correlated at r(13) = .80, 
p < .001, respectively. 

Additionally, we investigated the relationship be-
tween importance and social desirability (see Figure 2). 
The basic zero-order correlation between social desir-
ability and importance was r(874) =  .34,  p < .001, with a 
partial correlation of r(874) = .04, p < .001, after having 
been adjusted for the other properties. Notably, the 
correlation for squared social desirability (after 
z-transformation) and importance was significantly 
stronger, with a Pearson correlation of r(874) = .55 (p < 
.001, 95% CI [.50, .59]), as shown in Figure 2, and  
comparable to Leising et al. (2014) that found a cor-
relation of r(621) = .63,  p < .001. This highlights a 
pronounced relationship between evaluativeness and 
perceived importance. 

Statistical Analysis of Synthetic Ratings 
Next, we investigated the performance of Hommels’ en-
coder model by comparing its synthetic ratings of social 
desirability to the human ratings. At first, we exclusively 
considered descriptors that did not overlap with the 
models’ original training dataset, as we were interested in 
generating an estimate for the models’ performance with 
unknown descriptors. In this context, the correlation of 
synthetic estimates and human ratings amounted to 
r(503) = .65, which did not meet the expected magnitude of 
r = .80. When we investigated descriptors that the encoder 
model was trained on, a significant and high correlation 
was observed, r(367) = .92. While the ratings of new 
person descriptors followed a bimodal distribution, in 
accordance with hypothesis 2 (Figure 3), in opposition to 
empirical findings of human ratings, only 51.2% of the 
descriptors were negative, despite having used the adjusted 
mean. Further, unlike with human ratings, positive de-
scriptors (M = .88, σ = .37) were more evaluative than 
negative descriptors (M = .75, σ = .36). This can be T
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Figure 2. Scatter Plot of Importance and Social Desirability 

interpreted as a significant (t(499) =  �3.91, p < .001) and 
small effect (d = .35). 

Table 4 displays partial correlations between descriptor 
properties using different desirability ratings (2014 vs. 
Encoder-Model vs. the current sample). Lastly, we tried to 
replicate the relationship between importance and social 
desirability ratings, found in both our empirical data sets. 
We found it to be less pronounced, with a zero-order 
correlation of r(503) = .32 between the squared 
encoder-model social desirability ratings and human im-
portance ratings. 

Following this, we also examined synthetic ratings of 
GPT-4o. Since the training data of GPT-4o was not (and 
most likely won’t ever be) publicly available, we were 
unable to determine which descriptors were included in its 
training, and we had assumed that, in fact, all were. 
Therefore, we used the full sample of descriptors to 
compute correlations between human and synthetic rat-
ings. When we investigated the ability to generate social 
desirability ratings similar to empirical human ratings, 
GPT-4o outperformed the encoder-model’s results for 
trained-on person descriptors slightly: We found a 

Figure 3. Frequency Distributions of Social Desirability Ratings for New Person Descriptors 
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Table 4. Partial Correlations of All Data Sets of Social Desirability With Other Properties 

Observability Importance Stability Abstractness Base rate 

2014 EM CHS 2014 EM CHS 2014 EM CHS 2014 EM CHS 2014 EM CHS 

Social desirability .00 .08* .07 �.04 .10* .04 .41* .42* .53* .23* .18* .40* .47* .21* .32* 

Note. To determine the partial correlations, the R package ppcor was used. *p < .05. Here, the four term properties not being correlated with one another 
were partialled out of the two that were correlated with one another. EM = encoder model, CHS = current human sample. 

correlation of r(872) = .95 (p < .001; compared to r(367) =  
.92), following a bimodal distribution, as can be seen in 
Figure 4. GPT-4o ratings also, different to the encoder-
model, replicated the empirical findings of more negative 
than positive descriptors (56.5% negative) and those 
negative descriptors to be more evaluative (t(854) = 2.71, 
p = .007, d = .18). While GPT4o ratings seemed to closely 
mimic human ratings for social desirability, we however 
found that GPT4o overall produced more extreme ratings 
than human judges. 

Additionally, we investigated ratings on other proper-
ties than social desirability. While the human ratings, 
besides the bimodal distribution of social desirability, all 
followed an unimodal distribution, this was not the case for 
the GPT-4o ratings. Histograms can be found in the 
supplement. Importance and Base Rate followed a 
somewhat bimodal distribution, while Abstractness fol-
lowed an unimodal, but left-skewed distribution. On the 
other hand, the distribution of Importance and Observ-
ability could have even been considered trimodal. 

Further, we investigated how well the correlative 
structure of GPT-4o ratings compared to that of human 
ratings. Again using ICC(2,k), we found almost perfect 
reliability for GPT-4o ratings of all six descriptor prop-
erties (Table 5). 

Table 6 shows the pattern of zero-order correlations 
among the six descriptor properties, within human ratings, 
within synthetic ratings, and between the two types of 
ratings. Correlations in parentheses were disattenuated for 
inter-rater unreliability. The pattern of correlations among 
descriptor properties converged at only r(13) = .37 (p = 
.18) between the two types of ratings. However, the main 
reason for this relatively low and non-significant corre-
lation was clearly abstractness. Without it, the correlation 
was r(8) = .71 (p = .02). 

Some descriptor properties seemed particularly difficult 
to disentangle, as evident from their high (disattenuated) 
correlations: Synthetic ratings of base rate correlated at 
r(872) = .78 with human ratings of base rate, but also at 
r(872) = .71 with human ratings of social desirability. 
Human ratings of stability correlated at r(872) = .67 with 
synthetic ratings of stability, but also at r(872) = .71 with 
synthetic and human ratings of desirability, respectively. 

We further explored which synthetic ratings differed the 
most from human ratings, as well as which descriptors got 

rated the highest and lowest by GPT-4o (Table 5). A 
complete list can be found in the supplemental files. GPT-
4o sometimes missed meanings humans would have in-
tuitively grasped and rated descriptors more literally (e.g., 
“unstable” rated as unstable, z = �2.87). 

Lastly, we investigated if we could replicate the em-
pirical finding of an U-shaped correlation between social 
desirability and importance (Leising et al., 2014), sur-
prisingly having found that this effect was even more 
pronounced in GPT-4o ratings. This was likely due to the 
fact that GPT-4o provided more extreme ratings in general. 
Scatter Plots for this interaction can be found in the 
supplemental material in the OSF-folder. 

Discussion 
This study had three goals: First, to generate a large, 
representative sample of person descriptors from the 
natural (German) language and have them rated on six key 
properties. Second, to test the replicability of key findings 
from Leising et al. (2012, 2014), using strict preregistra-
tion. Third, to explore the extent to which synthetic ratings 
can substitute human ratings, potentially offering a more 
cost- and time-efficient alternative. 

Sampling and Rating of Descriptors 
Having used the same methodology as Leising et al. 
(2012), we collected a new, large sample of person de-
scriptors (n = 876). Since a substantial number of per-
ceivers independently generated these via free-response 
descriptions of real targets, we had no reason to doubt that 
this sample could be fairly representative of the natural 
person-descriptive lexicon despite the use of a highly 
educated sample. 

While 66.2% of the new descriptor sample did overlap 
with the sample collected by Leising et al. (2014), there 
also was substantial non-redundancy (211 unique to the 
first study, 461 unique to the second). This suggests that 
the person-descriptive lexicon is extremely differentiated 
and does contain hundreds of descriptors that are almost 
never used. Although inter-rater reliabilities slightly 
missed the preregistered benchmarks, they were still sat-
isfactory, and raters were able to distinguish the six de-
scriptor properties from one another. We thus feel 

https://journals.sagepub.com/doi/suppl/10.1177/27000710251391608
https://journals.sagepub.com/doi/suppl/10.1177/27000710251391608
https://journals.sagepub.com/doi/suppl/10.1177/27000710251391608
https://osf.io/mpxse/files/
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Figure 4. Frequency Distribution of GPT-4o Social Desirability Ratings Compared With Human Ratings 

confident recommending this dataset (openly accessible at 
OSF) to researchers interested in using it for their 
own work. 

Replicability of Key Findings 
We were able to replicate several previous findings using 
strict preregistration. We confirmed the bimodal distri-
bution of social desirability ratings, the unimodal distri-
butions of all other property ratings, a curvilinear 
association between social desirability and importance 
(r(874) = .55), a greater proportion of negative as com-
pared to positive descriptors (56%, h = .25), and a greater 
evaluativeness of negative descriptors (d = .37). The latter 
two findings suggest a general kind of valence asymmetry 
(Baumeister et al., 2001; Unkelbach et al., 2008), with 
negative person descriptions having been more differen-
tiated and more emotionally intense than positive ones, on 
average. 

Furthermore, we found that the pattern of partial cor-
relations among the six descriptor properties closely 

replicated the one reported in Leising et al. (2014, Table 3), 
r(13) = .80. As in the previous study, more positive de-
scriptors were also rated as being more traitlike, more 
abstract, and applicable to a larger number of people (see 
Table 3). This finding again pointed to a valence asym-
metry, with positive person descriptions being broader 
(i.e., less differentiated). Given the fact that the two studies 
were conducted ten years apart, with no overlap in par-
ticipant samples, and having used a strict replication 
strategy, we are quite confident that these effects may now 
be viewed as being relatively robust. 

Investigating Synthetic Ratings 
This study also assessed how well two Large Language 
Models (LLMs) were able to emulate human judgments of 
descriptor properties. Both LLMs performed well on 
trained descriptors (.92/.95) for ratings of social desir-
ability. However, the encoder model did less well on new 
descriptors (.65), possibly due to occasionally having 
conflated sentiment with desirability (Hommel, 2023). 

Table 5. GPT-4o Ratings of Person Descriptors: Interrater-Reliability, Means, Standard Deviations and High and Low Average Ratings 

Property Reliability M S Descriptors with the highest average ratings Descriptors with the lowest average ratings 

Observability .98 52.8 17.4 Feminine, masculine, ungroomed Full of integrity, bisexual, pain-sensitive 
Abstractness .97 62.2 16.3 National-socialist (Nazi), positive, human Hurt, stubborn, male 
Stability .99 63.8 17.1 Feminine, masculine, gay Unique, unstable, variable 
Importance .99 65.3 17.1 National-socialist (Nazi), racist, violent Full of integrity, wishy-washy, cuddly 
Base rate .99 42.1 19.4 Human, pain-sensitive, teachable Autistic, national-socialist (Nazi), full of integrity 
Social desirability 1.00 45.1 31.9 Role-model, kind-hearted, stunning National-socialist (Nazi), racist, misogynistic 

Note. 876 descriptors were rated by 15 API requests per descriptor. M = mean, S =  standard deviation, Reliabilities are represented by ICC(2,k) values. 

https://osf.io/mpxse/files/
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GPT-4o replicated most of the correlation pattern among 
human ratings for social desirability, and also performed 
considerably well on four of the other properties (.71). The 
only exception was abstractness, for which GPT-4o’s 
performance results were weaker (.23). 

Given the high convergence with human ratings, our 
findings suggest that GPT-4o is capable of serving as a 
viable substitute for human raters when estimating social 
desirability, at least within conventional WEIRD (Heinrich 
et al., 2010) samples. Sentiment seems to be a central 
characteristic of communication (Dodds et al., 2015; Liu, 
2012), and by extension, social desirability may be easier 
for LLMs to learn, potentially explaining the better results 
observed. However, GPT-4o rated more extremely than 
humans for social desirability, which could limit findings. 
Further, we would still advise caution when using syn-
thetic ratings of the other five descriptor properties, as 
GPT-4o might occasionally conflate or misinterpret them 
(e.g., base rate and social desirability; see Table 6). 

Limitations 
Considerable effort went into reviewing participants’ free 
responses to derive the final list of 876 descriptors. In 
hindsight, a few (e.g., “good-looking”) might have been 
better excluded, though this likely had no impact given the 
large sample size. We advise readers intending to use the data 
set to carefully select descriptors that fit their research goals. 

The reliability of the human ratings in the present study 
was lower than in some previous studies (e.g., Leising 
et al., 2014) for descriptor properties other than social 
desirability. On the one hand, this might be due to the 
online data collection, which could have produced lower 
data quality. On the other, we believe that the measures we 
took to control careless responding were effective and that 
the lower reliability could also have other, unproblematic 
causes (e.g., participant heterogeneity). 

Although the study used descriptions of targets that 
differed in knowing and liking, potentially limiting neutral 
descriptors, this likely had minimal impact, as similar bi-
modal desirability patterns were found in studies using other 
methods for sampling descriptors (e.g., Anderson, 1968; 
Condon et al., 2022; Dumas et al., 2002). Further, the 
definition of several descriptor properties remains some-
what ambiguous. Systematic attempts at conceptual clari-
fication would be needed. For example, abstractness and 
stability are both concerned with generality across situations 
and time, making it difficult to distinguish whether raters 
judge the breadth of behaviors implied by a descriptor or its 
temporal persistence. Future empirical studies should in-
vestigate potential effects of varying rating instructions on 
inter-rater reliability. Developing and then using consensual 
instructions for ratings of descriptor properties would enable 
clearer comparisons among studies. 

As only German descriptors were used, replication in 
other languages is needed. Such studies would test gen-
eralizability and aim to produce reusable, rated descriptor 
sets in additional languages. 

Outlook 
The present study yielded a large and putatively repre-
sentative sample of person descriptors, reliably rated for 
six key properties. The data is available for reuse in person 
perception research, enabling identical replication studies 
with several independent descriptor subsamples, and thus 
more generalizable conclusions. In addition, future 
research may use this data in the context of Multi-Level 
Profile Analysis (Biesanz, 2010; Wessels et al., 2020) for 
studying interactions between properties and perceiver-, 
target-, and dyadic effects. 

There seems to be room for improvement in terms of 
how well LLM are able to capture the meaning of the 
different descriptor properties and distinguish them from 
one another. The present study only determined how well 
LLMs could emulate human judgments of descriptor 
properties, using the latter as the gold standard against 
which the former were validated. However, it would be 
quite possible that LLMs are actually able to capture 
descriptor properties better than a sample of human raters 
can. Investigating this would require comparative studies 
in which synthetic and human ratings compete with each 
other in predicting some criterion variable (e.g., model fit 
in predicting actual person judgments). LLMs bear 
promise in this regard because the effects of using different 
prompts to obtain ratings may be easily determined using 
them, but far less easy using samples of human raters. 
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