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Abstract
Emotion annotation is a challenging task that often yields low inter-annotator agreement because texts are open
to subjective interpretation. Beyond missing context and differences in world knowledge, extra-linguistic factors
such as the author’s identity influence how emotions are perceived. When the text alone does not provide
sufficient information, additional details about the author may help resolve ambiguity. For instance, “This is sick.”
expresses a positive judgment when said by a young man at the skate park but a negative one when said by
an old woman at the opera. We test the hypothesis that providing annotators with demographic information
reduces disagreement in emotion annotation. We compare one group of annotators who sees each text alongside
demographic information about its author, with a group who sees only the text itself. As a basis, we use the
crowd-enVENT corpus, a disaggregated corpus of emotion annotations, directly sourced from people who lived
through an event and then described it. This corpus also provides reader annotations, which we use to subselect
instances with particularly low agreement. We find in our study with 500 annotators and 250 texts that displaying
demographic information about the author of the text does not improve agreement between annotators, nor does
it improve agreement with the gold label. These results show that more information for the annotators is not
generally beneficial. The only exception in our study are cases where the emotion polarity (positive or negative) is
unclear. We also find that annotators perform overall better at identifying the correct emotion label when it aligns
with gender stereotypes. Zero-shot prompting experiments with large language models do resemble the human
annotation experimental results. Our findings suggest that providing demographic information is not a straight-
forward remedy for ambiguity in emotion annotation and careful consideration is needed when incorporating such data.
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1. Introduction

Conveying an emotion in text is both a finely honed
skill that professional writers aim at perfecting and
a mundane task we perform every time we write
a friend about an emotional event. The interest in
the topic as a natural language processing (NLP)
task has steadily increased within the last years, as
Plaza-del-Arco et al. (2024a) show in their study
on emotion classification and analysis.

In written communication, authors typically share
only the information needed for their message to be
understood (Grice’s Maxim of Quantity see, e.g.,
Krause and Vossen (2024)). Readers, however,
may know or infer details about the author’s identity
and use these details to interpret the emotional con-
notation of a text. In NLP, most work on emotion
analysis has focused on linguistic features alone,
without considering such meta-textual information
(e.g., Étienne et al. (2024); Wemmer et al. (2024)).
This raises the question of how author-related con-
text affects emotion interpretation, especially in am-
biguous cases where several emotion interpreta-
tions might coexist.

To answer this question we conduct a study
with two groups of annotators, showing one of
them emotionally ambiguous text along with de-
mographic information about the author, while the

A 45-year-old woman, who has a
graduate degree and identifies as
European in terms of ethnicity.

When my daughter was born.
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Figure 1: Experimental setup for the annotators
who see both author information (gray) and the text.
The comparison group sees only the text without
additional information.

other group only sees the text by itself (an illustra-
tion of the setup can be seen in Figure 1). Possibly,
the additional information could help annotators
to form a mental image of the author and come
to a more consistent and truthful judgment of the
expressed emotion.

In our study with 500 annotators we find that
showing demographic information does not im-
prove the agreement between annotators or correct
prediction of the emotion label. To better under-
stand how and when demographic cues might in-
fluence judgments, we construct targeted subsets
of the dataset based on two theoretically motivated
dimensions. First, we identify instances involving
gender-stereotypical emotion associations by cate-
gorizing examples according to whether the gold



emotion label alignes with gender stereotypes in
emotion perception (e.g., fear being stereotypically
associated with women and anger with men (Plant
et al., 2000; Plaza-del-Arco et al., 2024b)). An ex-
ample of this is annotators ascribing fear to the
text “My teen age son wasn’t in his bed after bed-
time” when knowing that the author is a woman, but
surprise when no gender information is provided.
We observe that annotators perform slightly better
when the gold label aligns with these stereotypes.

Second, we categorize texts based on polar-
ity clarity, distinguishing between examples with
clearly positive or negative sentiment and those
with ambiguous sentiment. We observe a slight
increase in F1 score when demographic data are
displayed with the ambiguous texts.

To see if these human tendencies translate into
modeling, we conduct experiments with four recent,
open-weight Large Language Models. Our zero-
shot LLM experiments show that the tested LLMs
perform worse than humans at predicting the cor-
rect gold labels. The display of demographic data
often leads to a decrease in prediction performance,
the only exceptions being cases where the labels
align with gender stereotypes or when the polar-
ity of the emotion expressed in the text is unclear,
showing similar trends to human annotators.

Our findings caution that the display of author
demographic information is not a simple solution to
annotation ambiguity: while potentially informative,
it can also introduce biases and increase cognitive
load, leading to overall lower annotation quality. Fur-
ther research is needed to determine under which
conditions demographic author information should
be used, balancing positive and negative effects.

Our research questions are:
• RQ1: Does demographic information about

the author of a text improve inter-annotator
agreement? (No)

• RQ2: Does demographic information about
the author of a text improve agreement with
the original author (i.e., the gold label)? (No)

• RQ3: Do LLMs show the same tendencies as
human annotators when faced with ambiguous
text? (Partially)

We make all of our study data publicly available.1

2. Related Work

2.1. Perspectivism
Emotion classification from text is a well-researched
task covering many languages and genres, and
represented by shared tasks like Muhammad et al.
(2025). While most studies on emotion classifi-
cation focus on textual features alone, a growing

1https://www.uni-bamberg.de/en/nlproc/
resources/

line of work in NLP emphasizes interpersonal vari-
ation and subjectivity in annotation. This angle,
sometimes referred to as a perspectivist approach
(Frenda et al., 2025), treats disagreement between
annotators not as noise but as informative signal
about how individuals interpret emotion content.
Several studies have examined emotion analysis
from this viewpoint (Mieleszczenko-Kowszewicz
et al., 2023; Miłkowski et al., 2022, 2021), includ-
ing Kazienko et al. (2023), who train personalized
models tailored to individual annotators.

2.2. Author Information

The previously mentioned papers focus solely on
properties of the reader of a text, while text interpre-
tation occurs within a situational context that often
includes information about the author. This influ-
ences the judgment of the presented text: Combs
et al. (2023) show that annotators perceive argu-
ments to be less convincing when they believe that
they were written by a woman, while Sap et al.
(2019) show that tweets using African American
Vernacular English are perceived as less offensive
if annotators are aware that the writer is Black. We
follow these findings in our work by hypothesizing
that demographic author information can influence
the way annotators annotate emotions.

As to our knowledge, Troiano et al. (2023)
present the only unaggregated corpus of text an-
notated for emotions that contains labels for the
emotion felt by the author (gold label) and the emo-
tion that the readers inferred (predicted label), as
well as extensive demographic information of the
author. It is therefore uniquely suited for answering
our research questions. While Troiano et al. (2023)
report overall high agreement between annotators,
the corpus contains many examples of ambiguous
texts where readers fail to come to a shared as-
sessment of the text or to correctly guess the gold
label. These texts are particularly relevant to our
research, because this disagreement may indicate
insufficient information for disambiguation. Lever-
aging the demographic data in the corpus, we can
provide the readers of a text with a meta-textual
signal to aid disambiguation.

2.3. Sociodemographic Prompting

The difference between LLM outputs depending on
provided demographic information has been the
focus of recent work on sociodemographic prompt-
ing (or persona-based prompting), also touching on
subjective tasks like emotion classification. Plaza-
del-Arco et al. (2024b) show that LLMs reproduce
gender stereotypes about emotions. Sun et al.
(2025) find that LLMs align most often with white
annotators even if prompted otherwise and Lutz

https://www.uni-bamberg.de/en/nlproc/resources/
https://www.uni-bamberg.de/en/nlproc/resources/


et al. (2025) show that LLMs struggle to simulate
members of marginalized groups.

Our LLM experiments differ from these studies in
design and goal. Rather than prompting models to
adopt the perspective of an annotator from a spe-
cific demographic group, we provide demographic
information about the author of a text and ask the
model to infer the emotion that author would have
felt. This task focuses on interpreting emotion from
text with contextual cues, not on simulating a social
identity. Accordingly, our analysis aims to uncover
general similarities between human and model be-
havior, rather than differences across annotator
demographics.

3. Methods

We are interested in the annotators’ judgment of
the emotions expressed in text. In the following
sections we outline the selection of data and labels
and the full experimental setup. Lastly, we provide
details on the LLM experiments.

3.1. Text Selection
As basis for our annotation setup we use the En-
glish crowd-enVENT corpus by Troiano et al. (2023).
It was generated via a two step process: First, peo-
ple were asked to describe an event in their lives
and to label it using emotion and appraisal labels.
In a second round, different people were presented
with these texts and asked to assign emotion and
appraisal labels. Every text was thus labeled by its
author and 5 readers. This allows us to calculate
both agreement with the gold label (assigned by the
author) as well as agreement in between readers.

We consider low agreement between readers as
an indicator that a text is ambiguous. Our study
corpus consists of 250 texts selected from crowd-
enVENT with the lowest agreement based on Krip-
pendorf’s alpha for the appraisal annotations and
Fleiss Kappa for the emotion annotations, filtering
first for low agreement on emotion and then on
appraisal labels.

To analyze how the display of demographic in-
formation influences agreement with the gold label,
our 250 selected texts are stratified by the difficulty
of inferring the gold label: for 125 of them, the
majority of annotators in crowd-enVENT correctly
identified the gold emotion label, while for the other
125, the majority chose a different label.

3.2. Label Selection
We use the original emotion label set used by
Troiano et al. (2023) but omit the no-emotion cat-
egory. As Troiano et al. (2023) disclose, this label
has been used by authors to label events that were

emotionally charged, but where they did surpris-
ingly not experience an emotion.

While the emotion label set is a combination of
basic emotions and self-directed states, appraisal
labels present a different angle under which emo-
tion can be examined. Appraisals allow for an eval-
uation of the emotional significance of an event, e.g.
whether it occurred suddenly, whether it was within
the control of the experiencer or whether it aligned
with the experiencer’s values. We follow Troiano
et al. (2023) to enable comparability with the gold
appraisal labels assigned by the authors of the text.
This leads to a set of 21 appraisal labels. A list of
all emotion and appraisal labels and explanations
is shown in Appendix A.

3.3. Annotator Selection

We recruit annotators using the platform Prolific2.
To enable a wide spread of demographic features
of the annotators, we recruit English-speaking par-
ticipants worldwide. To assure data quality we se-
lect from them annotators with high language profi-
ciency and a platform approval rating of 98–100%.

Every annotator annotates 5 texts, either with or
without demographic data about the text’s author
displayed alongside the text, which results in a total
of 1250 annotation per group and 2500 annotations
in total. Each text receives a total of 10 annotations.
The annotations are collected on three consecu-
tive days. The total cost amounts to £1286. While
Troiano et al. (2023) report an expected completion
time of 8 minutes for 5 texts, our study takes 15
minutes (median) for the same amount of texts, pre-
sumably because their ambiguous nature makes
them harder to annotate.

3.4. Experimental Setup Human
Annotation

We vary one experimental condition: Half of the
annotators see the texts with demographic infor-
mation about the author, and half of them see the
texts without demographic information. The demo-
graphic information consists of the self-reported
age, gender, education level and ethnicity of the au-
thor of the text (see an example in Figure 1). Each
annotator can only belong to one study group. By
doing so we prevent the same annotator from see-
ing the same text multiple times. Apart from this
condition, the study is the same for all annotators.
We also collect demographic and personality infor-
mation about the annotator. The full questionnaire
is shown in Appendix D.

2https://www.prolific.com/

https://www.prolific.com/


IAA GA
Emo. Appr. Emo. Appr.
κ α F1 RMSE

T −0.20 0.05 0.46 1.72
T+Demo. −0.19 0.04 0.39 1.74
∆ 0.01 −0.01 −0.07 0.02

Table 1: Inter-annotator agreement (IAA) and
agreement with the gold label (GA) across groups .
T stands for the group who saw text only, T+Demo
for the group who saw both text and author infor-
mation. ∆ stands for the difference in performance.
While there are small differences, none are statisti-
cally significant.

3.5. Experimental Setup LLM Annotation

To compare the behavior of annotators with the
predictions of LLMs, we select four recent LLMs
(Gemma (Mesnard et al., 2024), Mistral (Jiang
et al., 2023), Mixtral (Jiang et al., 2024), Llama3.2.
(Grattafiori et al., 2024)) for our experiments (hyper-
parameter settings see Appendix C). We present
the models with a simplified version of the setup
presented to the human annotators, focusing only
on annotating emotion labels. The full prompt can
be seen in Appendix B, Figure 2.

LLMs are known to show inconsistent behavior,
outputting different labels when prompted with the
same text (Bartsch et al., 2023). This might be even
more common when prompted with ambiguous text.
We therefore prompt the LLM 10 times to verify the
robustness of the assigned label. We parse the
output for the emotion labels and perform majority
voting, selecting the emotion label named most
often by the LLM as the annotated label. When the
most common prediction does not contain any of
the emotion labels, we count the annotated label
as “none”.

4. Results

In the following section we discuss the answers
to RQ1 and RQ2, with the results of the human
annotation study shown in Table 1. The results
indicate that adding demographic data does not
lead to better agreement between annotators or
with the gold label. We present a closer analysis
first of the whole data set cumulatively and then for
specific subsets of the data set. We then present
the results of the LLM experiments.

4.1. Cumulative Analysis of Human
Annotation

Quantitative Analysis. We evaluate the agree-
ment between the 5 annotators of a specific text

using Fleiss’ Kappa for the categorical emotion la-
bels and Krippendorff’s Alpha for the numerical
appraisal values. All values are relatively low, re-
flecting the ambiguous nature of the text. While
there are slight differences in values between study
groups, the difference is not statistically significant
(t-Test, p=0.87 and p=0.19). The same holds for
the agreement with the gold labels, which we eval-
uate by pooling the votes from the 5 annotators of
a text, applying majority voting and calculating the
macro F1 score for emotion labels and root mean
squared error (RMSE) for the appraisal labels.

Qualitative Analysis. Although showing demo-
graphic information does not improve overall per-
formance, annotators exposed to author data label
texts differently than those without such informa-
tion. Table 2 shows instances with the highest dif-
ferences in prediction accuracy between the study
groups. These differences could be explained in
part by prevailing gender stereotypes (Plaza-del-
Arco et al., 2024b): When annotators know the
author to be a woman ‘fear’ is chosen over ‘disgust’,
‘sadness’ or ‘surprise’ and ‘surprise’ is chosen over
‘pride’ (ID 2, 9, 15 and 16 in Table 2). Sometimes
these gender stereotypes align with the correct la-
bel, e.g., when a 32-year old man feels relief rather
than joy when getting a permanent job (ID 17), or a
22-year old woman feels shame rather than guilt for
offending someone (ID 14). But this is not reliably
the case, as with a mother who feels surprise at
finding her son out of bed, rather than the annotator-
predicted fear (ID 2). We take these examples to
inspire our approach for subset analysis.

4.2. Subset Analysis of Human
Annotation

Building on our qualitative analysis, we examine
the influence of gender stereotypes on annotators’
judgments. Also, to deepen the analysis of ambigu-
ity present in the texts, we want to examine cases
in which the polarity of the text (emotionally positive
or negative) is unclear.

These instances can be seen as cases of es-
pecially high ambiguity, where additional author
information might help disambiguation. To do so,
we divide the dataset into subsets and conduct
statistical analyses. The assignment of instances
to these categories was performed by one of the
paper’s authors.

Gender Stereotypes. In our assessment of gen-
der stereotypes about emotion we build upon previ-
ous literature on the topic. With regards to negative
emotions, women are stereotypically associated
with fear and sadness, and men with anger; for



ID Emotion
− inf. + inf gold acc∆ text age gen ethn

Lo
we

rA
cc

1 sur joy sur -0.8 I felt ... when I found a turkey on sale for only
15 dollars

57 M Eu

2 sur fear sur -0.8 My teen age son wasn’t in his bed after bed-
time

37 F Eu

3 ang sur ang -0.6 I was ignored by my last manager when I in-
formed her of my leaving the company. They
did not acknowledge my email I sent.

36 F Eu

4 rlf joy rlf -0.6 I got a job after months of searching. 23 M Eu
5 bor ang bor -0.6 I was in a mental health review and was being

talked at by a psychiatrist and CPN. [...]
30 F Eu

6 sur joy sur -0.6 When I gave birth to my baby girl last Decem-
ber, and we thought she was another baby boy.

32 F Eu

7 ang ang ang -0.6 Although I work full time I still have to do all
the housework

45 F Eu

8 disg sad disg -0.6 I trod on the body of a dead bird 37 M Eu
9 prd sur prd -0.6 my niece came out to me and told me she had

a girlfriend before she told anyone else.
37 F Eu

10 rlf fear rlf -0.6 When the webinar was over as I was con-
cerned it wouldn’t run smoothly

29 M Eu

H
ig

he
rA

cc

11 rlf rlf rlf 0.6 I thought my boss was upset with me about a
mistake I made at work but it turned out she
was really understanding once I spoke with
her.

23 F NA

12 bor bor bor 0.6 when im at home alone because im always
either watching tv or my laptop

28 F NA

13 rlf rlf rlf 0.6 I had my first vaccine, as I have a fear of nee-
dles but it was not as bad as I thought it would
be.

33 M Eu

14 glt shm shm 0.6 offended someone 22 F Aust
15 disg fear fear 0.6 A stranger in the street started shouting at me

for not allowing him to approach my dog
45 F Eu

16 sad fear fear 0.6 I felt ... when I had a car accident in Puerto
Plata Dominican republic, [...]

42 F Eu

17 joy rlf rlf 0.6 I felt ... when I got a job at my current position
permanently.

32 M NA

18 rlf fear fear 0.6 I was nearly hit by a car while commuting to
work

21 M SA

19 joy sur sur 0.6 Finding out I was pregnant with twins 42 F Eu
20 joy sur sur 0.8 when i won a £500 john lewis voucher 28 F Eu

Emotion abbreviations: ang = anger, bor = boredom, disg = disgust, fear = fear, glt = guilt, joy = joy, prd = pride,
rlf = relief, sad = sadness, shm = shame, sur = surprise. Region abbreviations: Eu = Europe, NA = North America,
SA = South America, Aust = Australia

Table 2: Examples of the sentences where the agreement with the gold label between the two experimental
group differed most. The top half shows examples where annotators who saw author information guessed
worse than annotators who saw only the text, the bottom half shows examples where annotators who
saw author information guessed better. -inf shows the majority guessed label when no author information
was displayed, +inf the majority label when author information was shown. acc∆ shows the difference in
accuracy score on the text between the two groups of annotators. ID is used for referencing the examples
in Section 4.1. Rows where gender biases might have influenced annotators’ judgments are highlighted
in yellow.

positive emotions, women are stereotypically ex-
pected to experience joy and men pride (Plant et al.,
2000; Plaza-del-Arco et al., 2024b).

To investigate the role of gender stereotypes we
want to select examples where the gender of the au-
thors is not given in the text itself, so that explicitly

displayed author gender adds extra-textual infor-
mation. We also want to select examples, where
gender information might lead to stereotypically dif-
ferent emotion labels (e.g., fear vs. anger). To do
so, we first filter out text instances where the gender
of the speaker is disclosed in the text e.g., using



Model Text Text + Demo. ∆

Gemma 0.25 0.25 0.00
Mistral 0.26 0.24 −0.02
Mixtral 0.25 0.25 0.00
Llama 3.2 0.27 0.26 −0.01
Human 0.46 0.39 −0.07

Table 3: Mean F1 scores for different LLMs with
and without disclosed author data as well as human
performance. ∆ = (With – Without). Red indicated
worse performance when author data is displayed.
None of the performance differences are statisti-
cally significant. Human performance is stronger
than zero-shot LLM performance.

self-descriptors as “mother” or “wife”. We also filter
out texts with gendered references to partners e.g.,
“my girlfriend” or “my husband”, as in a heteronor-
mative societal context this too gives a clue towards
the gender of the speaker. This procedure removes
44 texts from our corpus of 250 texts.

We then split the corpus into cases where gender
stereotypes might influence emotion assignments.
Neutral cases include statements like “I went to
Los Angeles.” while stereotype-relevant cases in-
clude “I was shouted at by a stranger.” While the
first sentence depends on the author’s liking of Los
Angeles, the latter sentence could (in a stereotypi-
cal interpretation) elicit fear for women and anger
for men. The result consists of 126 neutral texts,
and 80 texts where stereotypes could play a role.
Lastly, we determine if the gold labels provided by
the original authors of the text align with the stereo-
types or contradict them. This procedure creates a
set of 56 pro-stereotypical and 24 anti-stereotypical
texts-label pairs.

To analyze the influence of the display of demo-
graphic data in these subsets, we calculate the
inter-annotator agreement as Fleiss’ Kappa and
the agreement with the gold label as F1 score.
Inter-annotator agreement slightly decreases when
demographic data is displayed, as do F1 scores
for predicting the authors’ emotion labels (by 0.03
points for pro-stereotypical and 0.02 points for
anti-stereotypical cases, see last row in Table 4).
However, annotators who see demographic infor-
mation are more likely to correctly identify emo-
tions that align with gender stereotypes, with F1
scores of 0.26 for pro-stereotypical and 0.21 for anti-
stereotypical examples (see last row in Table 4).

The decrease of inter-annotator agreement and
prediction performance in both the pro- and anti-
stereotypical subset when demographic data is dis-
played could be explained by the fact that the dis-
played demographic information does not only con-
tain information about gender, but also about age,
education level and ethnicity of the author, providing
more information irrelevant to the task at hand and

adding to the annotators’ cognitive load. This ef-
fect is not outweighed by the additional information
that the author gender provides. Some annota-
tors might also be aware of prevailing stereotypes
and therefor actively avoid them as a base for their
judgment.

Level of Ambiguity. To further examine the role
of author information in ambiguous texts, we sepa-
rate the our data set in to two subsets: One where
the emotion polarity (positive or negative) is clear
and one in which it is unclear. We want to deter-
mine whether the display demographic information
has an influence in these specific cases (RQ1).

To answer this question we manually sort our
data set in polarity-clear and polarity-ambiguous
cases. A clear case is for example “I was shouted at
by a stranger” (negative) and an ambiguous case
is “I went to Los Angeles” (could be positive or
negative depending on whether the author likes Los
Angeles). We also remove cases where gender is
disclosed to avoid possible conflicting influence of
gender stereotypes. After this filter, we find 41 texts
to be polarity-ambiguous and 165 texts polarity-
clear.

We evaluate inter-annotator agreement by cal-
culating Fleiss’ Kappa. We find that in the polarity-
ambiguous cases the display of annotator demo-
graphic information leads to slightly lower inter-
annotator agreement. But when calculating F1
score for the agreement with the gold emotion la-
bels we find that there is a small improvement in
F1 score when demographic data is displayed, lift-
ing it from 0.2 with no demographic information to
0.25 with demographic information (see last row in
Table 4). This can be seen as a point in evidence
that when several contradicting emotion assign-
ments are possible, the demographic data provides
a weak signal for disambiguation and possibly out-
weighs the additional cognitive load.

4.3. LLM Experiments

We want to determine if LLMs replicate the de-
scribed human judgments in a zero-shot prompting
setup (RQ3). To do so we provide the LLMs with
the same information as was shown to the human
annotators. We prompt the LLMs either with text
only or with text and additional demographic au-
thor information. We then calculate the F1 score
comparing the LLM-assigned emotion label with
the gold label given by the original author of the
text.

Overall Performance. Table 3 shows that hu-
man annotators outperform all LLMs in predicting
the gold labels. All models perform above random



Model Pro Stereotypical Anti Stereotypical Unclear Polarity Clear Polarity
T T+D ∆ T T+D ∆ T T+D ∆ T T+D ∆

Gemma 0.17 0.22 +0.06 0.18 0.23 +0.05 0.20 0.22 +0.02 0.24 0.27 +0.03
Mistral 0.24 0.28 +0.04 0.18 0.18 0.00 0.20 0.20 0.00 0.28 0.29 +0.01
Mixtral 0.20 0.22 +0.02 0.23 0.18 −0.05 0.17 0.22 +0.05 0.27 0.25 −0.02
LLaMA 3.2 0.30 0.31 +0.02 0.14 0.14 0.00 0.24 0.34 +0.10 0.29 0.26 −0.03
Human 0.29 0.26 −0.03 0.23 0.21 −0.02 0.20 0.25 +0.05 0.39 0.35 −0.04

Table 4: Mean F1 scores for different LLMs across conditions varying in gender stereotypicality (pro-
stereotypical vs. anti-stereotypical) and emotional ambiguity (polarity clear vs. ambiguous). Results are
reported with (T+D) and without (T) disclosed demographic data of the author. ∆ stands for the difference
in performance. Green indicates improvement with author data, red indicates a decrease.

(F1=0.08). Adding demographic data does not im-
prove LLM performance and, in some cases, even
reduces it.

Subset Performance. When evaluating on the
subsets described in the previous section (one split
by gender stereotypes and the other split by clear
versus unclear emotional polarity), we can see vary-
ing differences to human performance (see Table
4). Especially in the examples where gold labels
align with gender stereotypes of emotion, all LLMs
show improvement when gender information is dis-
played, which is different to human annotation. With
anti-stereotypical examples and examples where
the emotion polarity is clear adding demographic
data leads to inconsistent results, slightly improv-
ing performance in some LLMs and showing no
effect or negative effects in others. In contrast, in
human annotation the display of demographic data
in these cases always leads to a decrease in perfor-
mance. Only in the examples with unclear polarity
does displaying demographic data have a positive
effect both with human annotators and LLMs.

5. Discussion

These results show that demographic information
about the author does not improve agreement
among annotators and gold label prediction. The
presented texts are emotionally ambiguous, but the
presented demographic details about the author do
not directly contribute to a clarification. This leaves
the annotator wondering whether there is a connec-
tion they are not finding, leading to higher cognitive
load and lower prediction performance. Our find-
ings stand in contrast to previous work where an-
notator demographics had a more obvious bearing
on the task at hand, e.g., in Sap et al. (2019) who
study offensiveness detection. The usage of cer-
tain terms is offensive when the speaker is white
but not offensive when the speaker is Black, so
that the judgment of offensiveness could be clearly
informed by a specific demographic detail.

Confusion and frustration about the demographic
information was also expressed explicitly by the
annotators themselves. In the optional comment
field at the end of the study several annotators
commented upon the difficulty of the task, wishing
for a ‘don’t know’ option among the emotion and
appraisal labels or pointing out axes of ambiguity
not addressed by demographic information. One
annotator wrote: ‘[...] Perhaps the shorter [texts]
could be made longer to give more context [...]’,
showing that the provided demographic context
was not sufficient.

Our qualitative analysis of the results shows that
demographic information makes a difference in the
annotators decision, but this difference does not
result in more correct or consistent judgment, pos-
sibly because it relies on stereotypes about the dis-
played demographic groups. While annotators are
generally better at inferring emotions that align with
gender stereotypes, the display of demographic in-
formation hurts performance in all cases, except for
very slight improvements in cases where emotion
polarity is unclear.

Our study of LLMs shows that for LLMs, too,
the display of demographic information does lead
to worse or unchanged performance. The dis-
play of demographic information in cases where
gold labels aligned with gender stereotypes helps,
which confirms the findings of Plaza-del-Arco et al.
(2024b), but in other cases the demographic data
possibly acts as a distractor.

Our findings point to several directions for future
research. First, demographic attributes provided
in our study may have been too coarse-grained
to meaningfully support emotion disambiguation.
Sorensen et al. (2025) show that value profiles
help to explain differences when annotators with
the same demographics disagree on labels – an
approach which could be extended to author infor-
mation. Second, the display of author information
as metadata alongside the text is not very natural
and annotators may benefit more from contextu-
alized social information, e.g., via profile pictures



as used in Combs et al. (2023). Third, our results
suggest the need to broaden the scope beyond
demographic cues to examine other sources of sys-
tematic bias in emotion perception, such as stereo-
types related linguistic style (e.g., hedging versus
assertive expression). Comparative studies along
these dimensions could help clarify when supple-
mentary information genuinely aids interpretation
and when it instead reinforces stereotypical judg-
ments. Future work could also investigate interac-
tive approaches, for example by directly eliciting an-
notators’ perceptions of what additional contextual
information they would need to resolve ambiguity.

6. Conclusions

Our study tests whether knowing an author’s demo-
graphic data helps annotators disambiguate am-
biguous text in the task of emotion classification
(assigning one emotion label reflecting the emotion
expressed in a text). Additional information could
aid in forming a mental image of the author, improv-
ing both inter-annotator agreement and alignment
with the gold label. However, our findings show no
such improvements.

Our qualitative analysis reveals that author in-
formation influences annotation decisions, occa-
sionally but not consistently improving gold label
accuracy. This could be due to the stereotypes
about specific social groups that annotators apply
to the text. Overall the display of demographic data
leads to worse performance, possibly due to the ad-
ditional cognitive load. These findings are mirrored,
partially, by our LLM experiments.

Our main findings are: (1) demographic informa-
tion is not a simple solution to annotation ambiguity
and can, in some cases, introduce bias reflecting
social stereotypes and reduce performance; and
(2) it is crucial to distinguish between situations
where demographic information genuinely aids dis-
ambiguation and those where other forms of con-
textual information are necessary. This opens an
avenue for future work: given an ambiguous text
and a specific task, how can we determine what
additional information is most beneficial for com-
pleting it?

7. Limitations

When designing our experimental setup we needed
to make the decision on how to display the demo-
graphic information to measure its effect on the
annotators. An alternative setup to the reported
one shows an annotator the text without author
information first, collects emotion and appraisal la-
bels, and then shows the annotator the text again
with author information to assess which labels (if
any) would change. We reject this setup because

the double exposure to the same text could intro-
duce unwanted effects that would be difficult to
disentangle.

A second limitation is the relatively small sample
size, which limits the options for statistical analysis
of different groups of annotators (e.g., comparing
performance by gender or age), especially with
regards to the various subsets. Additionally, the
subsets are not balanced with some classes being
larger than others which can also lead to a distortion
of results. While the texts were selected from a
larger corpus using criteria we outlined in Section 3,
there is still the chance that concentrating on these
examples might have skewed our data in ways we
did not anticipate. Replicating the experiment with
more and different texts would be an avenue for
future work.

Conducting this study in English allowed us to
use an existing text corpus and to recruit partici-
pants over a world-wide operating annotation ser-
vice (Prolific). But this also limits the validity of our
results, because inter-cultural differences could not
be captured in as much depth as a multi-lingual
study.

8. Ethical Considerations

Our study uses data from the crowd-enVENT cor-
pus (Troiano et al., 2023), for which the data ac-
quisition and annotation process passed an ethics
board review process. We only use data from this
corpus and replicate the annotation procedure by
Troiano et al. (2023), with minor changes to the ac-
quired variables. At the beginning of our study, we
display a content warning for the topics of illness,
infidelity, divorce, injury, pregnancy and homeless-
ness. Therefore, our annotators are not at greater
risk of being exposed to sensitive topics compared
to their day-to-day lives or while consuming online
content.

Further, all participants in our study are informed
about their annotations being used in scientific pub-
lications, and we explicitly obtain their consent for
this. We publish an anonymized version of our col-
lected data (removing the participants IDs). The
findings of our study highlight the need for a nu-
anced and sensitive handling of demographic data,
cautioning against the unreflected collection and
display of such data.

Our study contains attention checks, and annota-
tors are not paid if they fail more than two of them,
which is in line with Prolific’s payment policy. We
explicitly state this at the beginning of our study.
We are aware that labeling text with emotions can
be emotional for annotators; however, the task is to
assign the emotion the author felt, which decreases
the cognitive effort of processing their own emo-
tions and allows annotators to distance themselves



from the described events.
While we do not design any new models for emo-

tion classification or analysis, we are aware that
the results and research presented in our study
can be used to build such systems, for instance,
automated systems to detect authors’ emotions
in event descriptions. Prior research shows that
automatic emotion detection systems are biased
for multiple reasons (Kiritchenko and Mohammad,
2018), highlighting the need for careful and thought-
ful experiments in the scope of emotion research.
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A. Emotion and Appraisal Labels

To ensure comparability, we use the same emotion
and appraisal label set at Troiano et al. (2023). This
leaves us with the emotion labels ‘anger’, ‘bore-
dom’, ‘disgust’, ‘fear’, ‘guilt’, ‘joy’, ‘pride’, ‘relief’,
‘sadness’, ‘shame’, ‘surprise’ and ‘trust’. The ap-
praisal label set contains the labels ‘suddenness’,
‘familiarity’, ‘predict event’, ‘pleasantness’, ‘unpleas-
antness’, ‘goal relevance’, ‘chance responsibility’,
‘self responsibility’, ‘other responsibility’, ‘predict
consequences’, ‘goal support’, ‘urgency’, ‘self con-
trol’, ‘other control’, ‘chance control’, ‘accept con-
sequences’, ‘standards’, ‘social norms’, ‘attention’,
‘not consider’ and ‘effort’. Rather than asking for
emotion categories themselves, these labels ask
the annotator to evaluate the event. Emotion states
can then be deduced from the evaluations. For
a more thorough view on emotion and appraisal
labels in NLP, see Troiano et al. (2023).

B. LLM prompt

Figure 2 shows the prompt used for either of the
two experimental setups. The author description is
provided in one of them and left out in the other.
<|system|>
You are a human annotator. Identify the

emotion expressed in the given text.
Use ONLY emotions from the label set:
Anger, Boredom, Disgust, Fear, Guilt,

Joy, Pride, Relief, Sadness, Shame,
Surprise, Trust.

Do not provide any explanation, only
output the single emotion label.

<|user|>
This is a description of the author: A

{age}-year-old {gender} person who
has a {education} and identifies as

{ethnicity} in terms of ethnicity.
Text: "{text}"
What do you think the writer of the text

felt when experiencing this event?
Emotion:

<|assistant|>

Figure 2: Prompt with author metadata

C. Model Details

To examine the capabilities of light-weight LLMs
we choose four open-weight models (Gemma 8.5B
(Mesnard et al., 2024), Mistral 7.2B (Jiang et al.,
2023), Mixtral 46.7B (Jiang et al., 2024), 3.2B
(Grattafiori et al., 2024)). All models are hosted
on our own server via Ollama3. We use Ollama
default parameters for all models: a temperature
of 0.7, token limit of 1024 and Top P sampling set
to 0.95.

D. Study Design and Questionnaire

We implemented the study using the Streamlit pack-
age for python4. The study design is the same for
both groups of annotators, except for the text pre-
sentation. The study is structured as follows: After
an introductory page that contains a general de-
scription of the study topic and the participation
conditions, we first ask the annotators to provide in-
formation about their current emotion and ask them
to fill out a Big 5 personality test (Gosling et al.,
2003). We do so because previous work (Troiano
et al., 2023) has shown that these two factors can
influence the way people annotate emotion in text.

3https://github.com/ollama/ollama
4https://streamlit.io/
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We then show annotators texts that describe events
that caused an emotion and ask the annotators
which emotion the author of the text felt and how the
author would have evaluated the event (appraisal).
Annotators were asked to report their confidence.
We found our selected scale (1 = highest, 5 = low-
est) to be counterintuitive during data analysis, and
therefore the annotators’ responses to be unreli-
able and we excluded them from the analysis. Text
presentation repeats five times, showing a new text
each time (and for one of the two study groups, the
respective author information). After this loop the
annotators are asked to provide their own demo-
graphic information and optional feedback. After
this they are redirected back to the annotation plat-
form Prolific. The full study questionnaire is shown
in the following screenshots.
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