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Abstract: While addressing emotion detection, a specific textual-domain resource
for this task may become a significant issue. There are multiple modern language
corpora for emotion recognition, as well as language models trained with it. Nonethe-
less, how many resources for emotion detection are available for the historical textual
domain in Spanish? To address this gap, we introduce a manually annotated corpus
of historical correspondence in Spanish. Our work addresses the annotation chal-
lenges and the methodology for emotion labelling in this particular textual domain.
Furthermore, we describe the results of the performance of existing pretrained LM
and LLM in detecting emotions in the Spanish historical correspondence. Finally,
we assess the performance of ensemble models based on features measured with TF-
IDF relevance score. Our results show 1) moderate inter-annotator agreement; 2)
LLM and pretrained models barely outperform a random classifier; 3) an ensemble
model with a TF-IDF shows improvement in historical emotion detection.
Keywords: emotions in history, emotion detection, semantic classification, lexical
classification.

Resumen: La disponibilidad de distintos dominios textuales para la detección de
emociones representa un reto importante para esta tarea. Existen múltiples corpus
lingǘısticos modernos para el reconocimiento de emociones, aśı como modelos de
lenguaje entrenados con ellos. No obstante, ¿cuántos recursos para la detección de
emociones están disponibles en el dominio histórico en español? Para abordar esta
brecha, introducimos un corpus de correspondencia histórica en español anotado
manualmente. Nuestro trabajo analiza los desaf́ıos de la anotación y la metodoloǵıa
de etiquetado de emociones en este dominio textual. Además, analizamos los resul-
tados de rendimiento de modelos de lenguaje preentrenados y grandes modelos de
lenguaje existentes para la detección de emociones en la correspondencia histórica en
español. Finalmente, evaluamos el rendimiento de modelos combinados basados en
caracteŕısticas medidas con la puntuación de relevancia TF-IDF. Nuestros resulta-
dos muestran que (1) existe un acuerdo moderado entre anotadores; (2) los modelos
de lenguaje existentes apenas superan el rendimiento de un clasificador aleatorio;
(3) un modelo combinado con TF-IDF mejora la detección de emociones en textos
históricos.
Palabras clave: emociones en historia, detección de emociones, clasificación
semántica, clasificación léxica.



1 Introduction

Text-Based Emotion Detection (TBED)
bridges affective computing and opinion anal-
ysis focusing on the processing, evalua-
tion, and extraction of the emotions con-
veyed in subjective textual data (Canales and
Mart́ınez-Barco, 2014). Traditionally, sen-
timent analysis has been limited to classi-
fying textual content as positive, negative,
or neutral (Zhao, Liu, and Xu, 2016). In
contrast, TBED enables the assignment of a
broader range of emotions to texts (Troiano,
Oberländer, and Klinger, 2023; Greschner
and Klinger, 2025), such as those defined
in Ekman’s framework (Ekman and Friesen,
1978; Ekman, 1992), which identifies six ba-
sic emotions (sadness, joy, disgust, surprise,
anger, and fear) in addition to the absence of
emotion.

In recent years, TBED has attracted sig-
nificant attention in computational linguis-
tics and NLP (Acheampong, Wenyu, and
Nunoo-Mensah, 2020; Acheampong, Nunoo-
Mensah, and Chen, 2021; Al Maruf et
al., 2024), demonstrating promising results
across high- and low-resource languages, as
evidenced by evaluations such as SemEval
Task 11 (Muhammad et al., 2025b) and
LREC (Calzolari et al., 2022; Piperidis et al.,
2026). However, most research relies on so-
cial media datasets (Twitter, Reddit, Face-
book), leaving other domains, particularly
historical texts, largely unexplored.

In this context, the present study ad-
dresses this gap by examining TBED in the
historical domain, focusing on Spanish epis-
tolary texts. Spanish was chosen due to
the abundance of English-language resources
and the need for comparable datasets in
other languages. Based on these motivations,
our study contributes to advancing TBED
research in the historical Spanish domain
through the following contributions:

• Development and implementation of an
initial proposal of a methodological
framework for the annotation of emo-
tions in historical textual data in Span-
ish.

• Creation of a new, manually annotated
Spanish historical dataset of Textual
Records of Affective Correspondence in
Spanish, called TRACS for the TBED
task.

• A comprehensive evaluation of monolin-
gual, multilingual, large language mod-

els (LLMs), and ensemble lexical-based
models using zero- and few-shot method-
ological approaches and our historical
dataset to assess how effectively current
models handle the historical TBED task.
As far as we know, no experiments on
this evaluation have been previously con-
ducted.

Moreover, this study contributes a manu-
ally annotated corpus independent of social
media sources and serves as a valuable re-
source for the digital humanities, support-
ing interdisciplinary research on language,
emotion, and culture through computational
methods (Bostan and Klinger, 2018).

The paper is organized as follows: Section
2 reviews the state of the art in text-based
emotion detection, including historical texts;
Section 3 details the TRACS dataset and
annotation methodology; Section 4 presents
experiments with LLMs, pretrained mod-
els, and lexical-based models; Section 5 of-
fers qualitative analysis on best-performing
model outputs; and Section 6 presents con-
clusions and future challenges.

2 Related Work

The analysis of affective states, such as sen-
timents, emotions, and opinions, has gained
broad interest across fields like NLP, soci-
olinguistics, cognition studies, and machine
learning (Weber, Greschner, and Klinger,
2026; Schäfer, Wagner, and Klinger, 2026;
Greschner and Klinger, 2025). This grow-
ing focus has highlighted key methodological
challenges in dataset annotation and valida-
tion. Consequently, several open-access an-
notated datasets have been developed to fa-
cilitate fine-tuning and evaluation of TBED
models.

Among these labeled textual corpora,
many adopt Ekman’s basic emotion classi-
fication (Ekman and Friesen, 1978; Ekman,
1992). Examples include EmotionLines (Hsu
et al., 2018) and MELD (Poria et al., 2019),
both derived from Friends dialogues; Dai-
lyDialog (Li et al., 2017), collected from
everyday conversations; and the SemEval
2025 BRIGHTER dataset (Muhammad et
al., 2025a), based on Twitter. Acheam-
pong, Wenyu, and Nunoo-Mensah (2020)
provide a comprehensive overview of such
“discrete” datasets, which categorize emo-
tions into distinct classes. In contrast, di-
mensional approaches represent emotions in



a continuous, interdependent space, as in
EmoBank (Buechel and Hahn, 2017), sourced
from news headlines, essays, blogs, letters,
and travel guides, the Valence and Arousal
Dataset (Preoţiuc-Pietro et al., 2016), based
on Facebook posts, and datasets annotated
according to the cognitive appraisals the-
ory (Troiano, Oberländer, and Klinger, 2023;
Greschner, Weber, and Klinger, 2025). Over-
all, these corpora are mainly English and fo-
cus on similar domains such as social media,
scripted dialogue, and mass media.

Regarding historical-domain resources in
multiple languages, the availability of open-
source, digitized datasets remains lim-
ited. Some released initiatives include the
CLARIN project (Hinrichs and Krauwer,
2014), as well as resources such as DARIAH
(2012), CORDE (2007), and CODEA (2015).
The main advantage of these initiatives is
their extensive collections of digitized texts
in multiple languages. However, they lack
annotations for emotion detection tasks.

The textual datasets and models em-
ployed for TBED in historical domains in-
clude the work of Schmidt, Dennerlein, and
Wolff (2021), who released an annotated
dataset of German literary texts from past
centuries, using 13 emotion tags (desire, love,
friendship, adoration, joy, gloating, fear, de-
spair, suffering, compassion, anger, hate,
and emotional movement). This resource
comprises 6.500 emotion annotations gener-
ated through a semi-automatic procedure us-
ing CATMA (2020), a lexical-based annota-
tion and analysis tool, achieving an inter-
annotator agreement (IAA) of 0.333 (Cohen’s
κ). We treat this IAA coefficient as a low
baseline, against which we aim to demon-
strate an improvement in the annotation pro-
cess carried out in our work.

Another contribution to TBED for his-
torical texts is provided by Ehrlicher et al.
(2019), who investigated emotions in Spanish
travelogues and reports spanning the early
16th to the late 20th century. Their study
yielded 1.708 manually annotated sentences
with Ekman’s six emotions. Given the ab-
sence of embedding representations specifi-
cally tailored to historical Spanish corpora,
as mentioned in the study, the authors con-
ducted their experiments using bag-of-words
representations, achieving an F1 score of
0.36. We rely on this F1 score as a low base-
line, against which we assess the performance

of the automatic annotation systems evalu-
ated in our work.

Building on these insights and the contri-
butions outlined in Section 1, our objectives
are to create annotated datasets for emotion
detection in historical Spanish texts, evaluate
the performance of existing LMs and LLMs
on this task, and assess ensemble lexical-
based models.

3 The TRACS Dataset

As outlined in the previous section, emotion
detection in the historical domain remains
underexplored. Our interest in emotion de-
tection in historical texts is conditioned by
the hypothesis situated at the intersection
of historical research and digital humanities:
that the emotion extraction validates his-
torical arguments and helps to reconstruct
past identities (Ehrlicher et al., 2019; Ortega-
Sánchez, Pagès Blanch, and Pérez-González,
2020; Eustace et al., 2012). We therefore con-
sider the development of resources for TBED
in historical texts crucial, as it contributes
to both historical studies and the digital hu-
manities by facilitating and automating the
identification of emotions. In the following
subsections, we describe the data compila-
tion process and the annotation methodology
used to develop these resources.

3.1 Data Collection

One of the primary challenges in our study
was selecting historical texts based on their
potential to convey emotion content. As
discussed in Section 2, previous studies on
TBED in the historical domain have pre-
dominantly focused on travelogues and lit-
erary works, textual genres typically com-
posed with a specific audience or readership
in focus. In contrast, we aimed to explore a
more intimate emotion context, as expressed
through personal affective correspondence.

To this end, we selected and processed
40 letters (totaling 753 instances) in Spanish
from the corpus Carter@s,1 which comprises
personal trans-Atlantic correspondence writ-
ten and/or received by women in the six-
teenth century. This particular textual do-
main was chosen due to its potential richness

1This corpus is part of the project ”Fastos,
archivo y cultura femenina en la América virreinal”
(PID2024-156258N8-100), subsidized by the Ministry
of Science, Research and Universities and the Span-
ish Government’s State Research Agency. https:
//www.archivocolonial.csic.es/hdlab/

https://www.archivocolonial.csic.es/hdlab/
https://www.archivocolonial.csic.es/hdlab/


in emotion content. The content of the let-
ters underwent normalization, correction and
preprocessing by the project team members.

After collecting the letters, we conducted
a manual review of their content to ensure
their suitability for the TBED task and to
establish the methodology for emotion anno-
tation, which is outlined in the following sec-
tion.

3.2 Methodology

Looking to fulfill the contribution one out-
lined in Section 1, we aim to develop the ini-
tial methodology and annotation guidelines,
which poses a challenge as no established
system exists for emotion annotation in his-
torical epistolary corpora. We adopted an
experimental approach to define an emotion
tagset and guidelines, following Ehrlicher et
al. (2019).

A significant challenge in annotating a his-
torical epistolary corpus is creating a reli-
able gold-standard tagset. Since both the
authors and contemporaneous witnesses are
long deceased, the true nature of the emo-
tions expressed cannot be directly verified.
To address this, we assembled an interdisci-
plinary team of experts who conducted con-
secutive annotation rounds, with a moder-
ator, excluded from the initial annotation,
overseeing the final validation. The back-
grounds of the ten experts are shown in Ap-
pendix A. Since the annotation team was
drawn from two research centers (IEGPS-
CSIC and ILLA-CCHS-CSIC), disagreement
cases between the two groups of annotators
were resolved by the moderator.

The annotation scheme was initially built
upon standard NLP approaches to emotion
detection, as discussed in Section 2. To evalu-
ate the suitability of these approaches for our
corpus, we annotated 20 letters within Round
1 (see Table 1) from the corpus Carter@s us-
ing Ekman’s six basic emotions framework
(Ekman and Friesen, 1978; Ekman, 1992).
Additionally, we introduced an emotion cate-
gory of “nostalgia” in this Round 1, following
the definition proposed by Gilbert (2019) and
van Tilburg (2023), based on the prior man-
ual review of the content.

Following Round 1 of annotations, we ob-
served that our initial tagset did not capture
the full emotion diversity present in the let-
ters. In particular, several annotators iden-
tified the category of “hope”. Consequently,

in Round 2, we annotated different 20 Span-
ish letters, not included in Round 1 (see Ta-
ble 1), and incorporated this class, adopt-
ing the definition proposed by Feldman and
Jazaieri (2024).

For the annotation procedure, we adopt
the SemEval 2025 multi-label emotion detec-
tion framework (Muhammad et al., 2025b),
which captures the complexity of emotions
expressed in text. Regarding emotion per-
ception, we follow Mohammad (2022), focus-
ing on how most annotators interpret the au-
thor’s emotions. However, this perceptual
approach poses challenges due to annotators’
cultural and individual biases (Wakefield,
2021). To mitigate this, our guidelines in-
clude before-annotation instructions to stan-
dardize emotion interpretation, as outlined
below.

• Annotation focuses on the emotions ex-
pressed by the authors of the letters
themselves, rather than those of third
parties mentioned within the texts.

• Emotion detection should prioritize the
identification of emotions currently ex-
pressed in the text, rather than those
referenced in past events within the nar-
rative.

• The non-annotated instances (assigned a
value of 0) in the corpus included formu-
las of courtesy and politeness, as these
constitute structural elements of letters
and do not convey any emotion content.

Collection of letters
Manual content review

Round 1 of manual annotations
Adjustment of the tagset

Round 2 of manual annotations
Moderator´s Validation

Figure 1: Annotation flow.

Figure 1 illustrates our adaptive method-
ology workflow, providing the flexibility
needed to develop a robustly annotated cor-
pus. The results and detailed description of
the definitive dataset are presented in the fol-
lowing subsections.



3.3 Inter-Annotators Agreement

The IAA was computed for all instances in
the historical Spanish dataset, each anno-
tated by nine annotators. We employed the
framework proposed by Artstein and Poesio
(2008) to compute the weighted Fleiss’s κ
(Fleiss, 1971) for both Round 1 and 2, as
shown in Table 1.

Round 1, which involved the manual emo-
tion categorization of 20 letters (or 432 in-
stances) from the corpus Carter@s, the IAA
reached 0.234. This score is fair (Landis and
Koch, 1977; Artstein and Poesio, 2008), con-
sidering that it represented the initial phase
of annotation using an experimental method-
ology, with definitive guidelines still in de-
velopment, and the involvement of a notably
large, heterogeneous group of nine annota-
tors. Round 2 consisted of the manual anno-
tation of 20 additional letters (321 instances),
distinct from those annotated in Round 1,
but drawn from the same corpus, and the
IAA increased to moderate κ = 0.590. This
score reflects a positive dynamic in the an-
notation process. It supports the ongoing
establishment of a robust methodology and
comprehensive guidelines for future TBED in
Spanish epistolary corpora.

Overall, we observed a moderate IAA, re-
flecting both the consistency among the nine
annotators, and the effectiveness of review
meetings during the annotation and curation
phases. Discussions of disagreement cases
and careful review during curation revealed
inconsistencies in specific emotion categories
(Table 1), with lower IAA in specific cate-
gories discussed in subsection 3.4. This pro-
cess enabled a thorough revision of the Span-
ish epistolary corpus by a multidisciplinary
team from diverse backgrounds.

To address the cases of disagreement and
facilitate the moderators’ validation of defini-
tive labels, an initial small subset of lexicon
was elaborated during the curation phase by
our interdisciplinary group of experts as a
part of our experimental methodology. This
lexicon (see Appendix B) presents some tex-
tual distinctive characteristics for emotion
conveying in our dataset, which also contains
diachronic traits for the correct interpreta-
tion of emotion bearing units.

2The hope annotation was added to the 432 previ-
ously annotated instances from Round 1 later. This
annotation was conducted by a smaller team of ex-
perts and reviewed by the moderator, yielding a

Features Round 1 Round 2
letters 20 20
instances 432 321
anger 0.445 0.533
disgust 0.022 0.605
fear 0.188 0.480
joy 0.307 0.673
sadness 0.398 0.733
surprise 0.224 0.732
nostalgia 0.057 0.246
hope N/A2 0.720
avg κ 0.234 0.590

Table 1: Fleiss’s IAA values by emotion cat-
egory. IAA values were computed across all
annotators, and disagreement cases were sub-
sequently resolved by a moderator.

Both the result of IAA and the elabora-
tion of initial lexicon for emotion interpre-
tation informed the development of a robust
methodology and guidelines for future anno-
tations.

3.4 Results

In pursuit of contribution two outlined in
Section 1, we compiled a total of 753 in-
stances3 from a total 40 letters from the
corpus Carter@s to create Textual Records
of Affective Correspondence in Spanish or
TRACS4 (Sarymsakova et al., 2026). The
statistics for each emotion category are pre-
sented in Figure 2.

Overall, 61.62% of the dataset contains
one or multiple emotion categories. The dis-
tribution of the eight emotion classes is no-
tably imbalanced, reflecting the authenticity
of the original, non-synthetic texts. Despite
this, the dataset is considered robust due to
its rigorous annotation process: (i) a het-
erogeneous group of annotators, (ii) two an-
notation rounds with moderate IAA (0.234
and 0.590), (iii) refinement of the tagset, and
(iv) final validation by a moderator, excluded
from the initial annotation. In total, 464 in-
stances contain one or more emotions, while
the rest are neutral. Sadness is the most fre-

Fleiss’s κ of 0.969. The overall IAA does not account
for this category in Round 1, as it was not included
initially in this Round.

3We provide examples of annotated fragments of
our corpus in the Appendix B.

4The TRACS dataset is released and made avail-
able for non-commercial academic research purposes
only: https://doi.org/10.20350/digitalCSIC/
18344

https://doi.org/10.20350/digitalCSIC/18344
https://doi.org/10.20350/digitalCSIC/18344


Model 1 2 3 4 5
Class P R F1 P R F1 P R F1 P R F1 P R F1
anger 0.24 0.05 0.08 0.50 0.03 0.05 0.29 0.08 0.12 0.23 0.20 0.21 0.53 0.24 0.33
disgust 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
fear 0.25 0.09 0.13 0.00 0.00 0.00 0.00 0.00 0.00 0.50 0.09 0.15 1.00 0.09 0.17
joy 0.30 0.04 0.07 0.21 0.56 0.30 0.39 0.32 0.35 0.19 0.44 0.27 0.34 0.26 0.29
sadness 0.32 0.05 0.09 0.51 0.14 0.22 0.59 0.59 0.59 0.47 0.80 0.59 0.79 0.41 0.54
surprise 0.50 0.04 0.08 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
mac avg 0.24 0.05 0.08 0.24 0.15 0.11 0.21 0.16 0.18 0.23 0.26 0.20 0.44 0.17 0.22
mic avg 0.35 0.08 0.14 0.26 0.20 0.22 0.51 0.35 0.42 0.32 0.51 0.39 0.59 0.30 0.40

Table 2: The scores on multi-label emotion detection task with BERT-based multilingual (1
- multilingual go emotions V1.2, 2 - distilbert-base-multilingual-cased-finetuned-emotion) and
monolingual pretrained models (3 - Vera, Araque, and Iglesias (2021), 4 - Pérez et al. (2022), 5
- del Arco et al. (2020)).
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Figure 2: Distribution of emotion classes in
TRACS.

quent emotion (164 instances), followed by
hope (100 instances), joy (82), and anger
(79). Less represented emotions include sur-
prise (24 instances), fear (11 instances), dis-
gust (3), and nostalgia (1). Since the corpus
was annotated using a multi-label methodol-
ogy, achieving a relatively balanced distribu-
tion is challenging, particularly when work-
ing with authentic texts from personal corre-
spondence. This imbalance may be beneficial
for evaluating existing models, as it allows us
to examine whether they can capture contex-
tual relationships and detect multiple emo-
tions within a single instance, as described in
the following Section 4.

4 Experiments

Aiming to fulfil contribution three from Sec-
tion 1, we present experiments with pre-
trained BERT-based models and LLMs us-
ing zero- and few-shot evaluation techniques.
Notably, zero-shot methods have shown
promising results for social media TBED

tasks (del Arco et al., 2020), motivating our
study of model behavior in a specific histor-
ical TBED context. We also report results
from evaluating these models on our dataset,
providing insights into the potential for au-
tomating the emotion annotation of historical
Spanish texts.

4.1 Evaluation of Pretrained
Models

To evaluate the performance of pretrained
models on the TBED task for historical
epistolary corpora, we tested them on the
TRACS dataset, comprising 40 letters or 753
instances. The results of this evaluation are
presented in Table 2. Since the pretrained
models for the TBED task do not fully align
with our tagset, we reduced it to Ekman’s
six basic emotions, which are the categories
shared between our tagset and the models’
outputs. Although the hope category, one of
the most frequent categories in the dataset,
had to be excluded from this part of the eval-
uation due to its absence in the pretrained
models’ label space, the evaluation remains
valid as it provides a meaningful comparison
of model performance on the shared labels,
and the results offer a reliable indication of
their overall classification capabilities.

We selected two of the existing best-
performing multilingual models and three
monolingual models trained specifically for
Spanish TBED. Our experiments focused on
automatic emotion annotation in text, fol-
lowed by evaluation against manually cre-
ated ground-truth labels provided by our an-
notation team. The best-performing mod-
els are the monolingual Spanish ones, specif-
ically those developed by Pérez et al. (2022)
and del Arco et al. (2020), which achieved



Model Gemma Qwen LLama
Method Zero Few Zero Few Zero Few
Class P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
anger 0.29 0.08 0.12 0.28 0.06 0.10 0.05 0.01 0.02 0.13 0.08 0.10 0.33 0.14 0.20 0.22 0.65 0.33
disgust 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
fear 0.06 0.18 0.09 0.07 0.36 0.12 0.17 0.36 0.23 0.06 0.18 0.09 0.00 0.00 0.00 0.03 0.09 0.05
joy 0.27 0.15 0.19 0.24 0.34 0.28 0.22 0.24 0.23 0.21 0.27 0.23 0.16 0.43 0.24 0.17 0.67 0.27
sadness 0.38 0.18 0.24 0.46 0.32 0.38 0.37 0.41 0.39 0.29 0.32 0.30 0.32 0.40 0.36 0.40 0.67 0.50
surprise 0.12 0.04 0.06 0.10 0.12 0.11 0.08 0.12 0.10 0.25 0.29 0.27 0.10 0.04 0.06 0.00 0.00 0.00
hope 0.18 0.11 0.14 0.26 0.16 0.20 0.27 0.22 0.24 0.22 0.08 0.12 0.16 0.58 0.25 0.16 0.53 0.25
mac avg 0.18 0.10 0.12 0.20 0.20 0.17 0.17 0.20 0.17 0.17 0.17 0.16 0.15 0.23 0.16 0.14 0.37 0.20
mic avg 0.23 0.13 0.17 0.25 0.24 0.24 0.25 0.25 0.25 0.22 0.21 0.21 0.20 0.37 0.26 0.23 0.58 0.32

Table 3: Evaluation of LLMs using zero- and few-shot techniques.

a macro average F1 score of 0.20 and 0.22.
The notable gap between macro and micro
average F1 scores suggests that the models
are able to classify certain categories, such
as joy and sadness, while struggling with the
remaining emotion classes.

4.2 Evaluation of LLMs

We evaluated LLM performance on the
TBED task using the entire TRACS
dataset,5 the same one used for BERT-based
models evaluation. Two common prompt-
ing strategies were employed: zero-shot and
few-shot. Table 9 in Appendix C shows the
prompting structure for both zero-shot and
few-shot techniques we used for LLM evalu-
ation, adapted from Bagdon et al. (2024).

We evaluate three LLMs suited for lo-
cal deployment, Gemma-3-4b (Kamath et
al., 2025), Llama-3.3-70b (Grattafiori et al.,
2024), and Qwen2.5-7b (Hui et al., 2024), se-
lected on the basis of their established per-
formance in text-based emotion classifica-
tion tasks (Muhammad et al., 2025b; Soligo,
Mikulik, and Saunders, 2026; Yacoubi et al.,
2025; Huang et al., 2025; Zhang and Zhong,
2025). All models are run locally via the ol-
lama library (v0.12.9).6

As shown in Table 3, Llama shows
stronger overall performance, improved mod-
erately from the zero-shot to few-shot set-
ting, with macro-F1 rising from 0.16 to 0.20
and micro-F1 from 0.26 to 0.32. Most gains
came from frequent classes like sadness (0.50)
and anger (0.33), suggesting improved han-
dling of dominant emotions (Figure 2). How-
ever, performance remained weak for low-

5The nostalgia category was excluded from eval-
uation, as it contains only a single instance in the
entire corpus.

6https://github.com/ollama/ollama/
releases/tag/v0.12.9

frequency classes such as disgust and sur-
prise, both with zero F1 scores, suggesting
difficulty in generalizing to less frequent and
more context-dependent emotions in histori-
cal language.

In contrast, Gemma and Qwen exhibit
lower overall scores, with peak macro-F1 of
0.17 and micro-F1 of 0.25. While Gemma
improves from zero-shot to few-shot settings,
Qwen shows the opposite trend, with slight
declines in both macro-F1 (0.17 to 0.16) and
micro-F1 (0.25 to 0.21). Regarding per-class
emotion detection, both models still struggle
with the least represented categories, such as
disgust (F1 0.00), while performing compar-
atively better on more frequent classes, such
as hope (best F1 of 0.20 and 0.24 for Gemma
and Qwen, respectively) and sadness (F1 of
0.38 and 0.39, respectively).

The persistent class imbalance and lim-
ited recognition of low-frequency emotions
highlight the need for further refinement for
tested LLMs to enhance robustness across all
categories. These results also suggest that
LLMs often may fail to account for histori-
cal context, since those are trained on mod-
ern data, or fully interpret how emotions are
conveyed within 16th-century Spanish texts.

The results presented in Sections 4.1 and
4.2 demonstrate that neither BERT-based
emotion classification models nor LLMs are
capable of accurately analyzing emotions in
16th-century Spanish historical correspon-
dence.

4.3 Evaluation of the Lexical
Model and Its Ensemble
Variants

To improve the performance in the historical
TBED task, we use TF-IDF relevance score
and logistic regression (LR) as a classification
method, and its multiple ensemble settings.

https://github.com/ollama/ollama/releases/tag/v0.12.9
https://github.com/ollama/ollama/releases/tag/v0.12.9


Split Train Test
1 800 P.S.

753 TRACS2 1.100 P.S. (+ 300)
3 1.288 P.S. (+ 188)

Table 4: Data splits for train and test sets
originated from TRACS and Post Scriptum
corpus (P.S.) instances.

4.3.1 Use of Data Augmentation and
TF-IDF with LR

We represent the instances of the corpus
as unigrams with TF-IDF with LR, which
has proven effective for information retrieval
and text classification (Mart́ınez-Cámara et
al., 2011), as well as for multi-label emotion
detection (Linardatou and Platanou, 2025).
To address the imbalanced class distribu-
tion, we applied data augmentation strategy.
The additional instances were obtained from
an automatically annotated Spanish subset
of the Post Scriptum (P.S.) corpus7 (Vaa-
monde, 2015), annotated using Gemma-3-
4B-it and subsequently revised by human ex-
perts.8 This allowed us to avoid the need for
synthetic data generation.

Table 4 presents three progressively larger
training splits, all paired with the same test
set of 753 TRACS instances to ensure com-
parability with the results reported in Sec-
tions 4.1 and 4.2. Split 1 consists of 800 man-
ually reviewed instances from the P.S. test
and development sets; Split 2 expands this
to 1.100 instances by adding 300 more from
the same sets; and Split 3 further increases
the total to 1.288 instances with the addition
of 188 more from the same sets.

Using TF-IDF as relevance measure and
logistic regression as classification method
across our three data splits, we observed
macro-average scores ranging from 0.284 to
0.301 and micro-average scores from 0.414 to
0.421, as shown in Figure 3. Notably, even
the lowest performance on the first split is
comparable to the best few-shot LLM result
in Table 3, which achieved a macro-average of
0.20. Nevertheless, data augmentation does
not yield a significant improvement in TF-
IDF + LR performance and even causes a
decline starting from the third split.

7http://teitok.clul.ul.pt/postscriptum/es/
index.php?action=downloads

8https://github.com/albinasarymsakova/
HISEMOTIONS_2026
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Figure 3: F1 scores for TF-IDF relevance
score and logistic regression across three
splits.

4.3.2 Use of Ensemble Settings

To enhance TF-IDF with LR performance,
particularly for low-frequency emotions,
we applied stacked generalization ensem-
ble methods (Chatzimparmpas et al., 2021;
Garouani, Barhrhouj, and Teste, 2025). We
opted for the following ensemble settings as
they have shown promising results in mul-
tilabel emotion classification (Haralabopou-
los, Anagnostopoulos, and McAuley, 2020;
Kusal et al., 2026; Adamu, Azmi Murad, and
Nasharuddin, 2026): (1) TF-IDF + LR, (2)
TF-IDF + LinearSVC, (3) Sentence Embed-
dings (Reimers and Gurevych, 2019) + LR,
and (4) Stack of three previous models, each
outputting a probability per label, and then
averaging those probabilities before deciding
the final label. All these methods also use
per-label threshold optimization; that’s why
the results for the previously used TF-IDF +
LR method differ from those reported in Sec-
tion 4.3.1. We utilized the second training set
(see Table 4), which includes 1.100 instance
from the P.S. corpus9 and tested, and eval-
uated the predictions against 753 instances
from the TRACS datasets, since this setup
leveraged the best results for TF-IDF + LR
with augmented data in Section 4.3.1. In this
way, we obtain the comparable results for
evaluation to contrast with those from Sec-
tions 4.1, 4.2, and 4.3.1.

TF-IDF + LR model counts how often
each word appears in the text, uses those
counts to compute a score for each emo-
tion, and predicts an emotion as present if
that score exceeds a learned threshold. The

9The P.S. label distribution is included in the Ap-
pendix D.

http://teitok.clul.ul.pt/postscriptum/es/index.php?action=downloads
http://teitok.clul.ul.pt/postscriptum/es/index.php?action=downloads
https://github.com/albinasarymsakova/HISEMOTIONS_2026
https://github.com/albinasarymsakova/HISEMOTIONS_2026
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Figure 4: F1 scores for TF-IDF ensemble
models.
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Figure 5: F1 scores for fine-tuned models.

pipeline is: Raw text → TF-IDF vectoriza-
tion → linear score → sigmoid (logistic func-
tion) → per-label threshold → binary predic-
tions. TF-IDF + LinearSVC setting uses the
same word-count representation, but uses a
different statistical approach to decide which
side of the boundary (if emotion is present
or not) a text falls on, and is represented in
the following pipeline: Raw text → TF-IDF
vectorization → linear decision score → sig-
moid normalization → per-label threshold →
binary predictions. Sentence Embeddings +
LR configuration, instead of counting words,
converts the whole text into a numerical rep-
resentation that captures meaning, so words
with similar meanings are treated as related,
and a score is then computed for each emo-
tion from that representation, as the follow-
ing pipeline shows: Raw text → sentence
transformer encoding → embeddings → lin-
ear score → sigmoid (logistic function) →
per-label threshold → binary predictions. Fi-
nally, the Stack combines the interaction of
all three aforementioned models: each model
independently produces a probability for ev-
ery emotion, and those three probabilities are
averaged; the final yes/no decision is made
from the average, so no single model can
dominate the outcome: Raw text → 3 mod-
els’ probabilities → element-wise average →
per-label threshold → binary predictions.

Figure 4 shows that the Stack of all three

models performs best,10 achieving a macro
F1 of 0.375 and micro F1 of 0.482.

4.4 Fine-tuning of Pretrained
Models

The tested BERT-based models from Sec-
tion 4.1) have demonstrated relatively low
performance on historical Spanish TBED. To
improve it, we fine-tuned two models: 1)
XLM-RoBERTa base (Conneau et al., 2020),
the base model for del Arco et al. (2020),
the best-performing BERT-based model from
Section 4.1, and BETO (Cañete et al., 2020),
a monolingual Spanish BERT-based model.
We employed the second training set (Ta-
ble 4), consisting of 1.100 instances from
the P.S. corpus, and evaluated models’ pre-
dictions against 753 TRACS instances, as
this configuration yielded the best results for
TF-IDF + LR with augmented data (Sec-
tion 4.3.1). We used a standard approach
for pretrained transformer models, leveraging
the transformers library11 from HuggingFace
(Wolf et al., 2020).

The best checkpoint based on F1 score was
obtained using the following hyperparame-
ters: 15 epochs with a batch size of 32, using
a learning rate of 2×10−5, and early stopping
with a patience of 4 epochs; the bottom 50%
of encoder layers were frozen during training,
and all experiments used a fixed random seed
of 42 for reproducibility.

Figure 5 shows the monolingual Spanish
BETO achieves the best performance(macro-
micro F1 of 0.350 and 0.492). Nonethe-
less, this fine-tuned model doesn’t outper-
form the TF-IDF ensemble stack of models
(Section 4.3.2) with the best result for macro
F1 of 0.375.

5 Discussion

To better understand the label predictions of
the Stack of (1) TF-IDF + LR, (2) TF-IDF
+ LinearSVC, and (3) Sentence Embeddings
+ LR, the best-performing model, we con-
ducted a qualitative analysis of its outputs.
The Stack integrates the outputs of all three
models by averaging their independently pro-
duced emotion probabilities; the final classi-
fication decision is derived from this average,

10The code is released and publicly available:
https://doi.org/10.5281/zenodo.20612180

11https://github.com/huggingface/
transformers

https://doi.org/10.5281/zenodo.20612180
https://github.com/huggingface/transformers
https://github.com/huggingface/transformers


Tag TP TN FP FN Posit Neg
anger 41 584 90 38 79 674
fear 5 664 78 6 11 742
joy 39 637 34 43 82 671
sadness 139 457 132 25 164 589
surprise 3 709 20 21 24 729
hope 79 504 149 21 100 653

Table 5: Classification results per emotion
tag for Stack ensemble model.

which we believe is the model’s main advan-
tage over the other evaluated models in our
study.

Table 5 shows that the model has a
stronger tendency to predict correctly True
Negatives (TN): for instance, for anger out of
674 of total negatives, it has correctly identi-
fied 584 cases, while for True Positives, it de-
tected 41 out of 79. For True Positives (TP),
the overall tendency in the prediction of high-
frequency classes is positive: the hope cate-
gory was correctly identified 79 times out of
100, and sadness was detected correctly 139
out of 164. Also, the False Positives (FP) rate
is high for these classes (132 FP vs 139 TP
for sadness and 149 FP vs 79 TP for hope).
Moreover, low-frequency label prediction re-
mains an issue: fear was correctly predicted 5
times out of 11, and surprise only 3 times out
of 24, indicating the model still struggles to
detect low-frequency emotion categories ac-
curately.

Table 6 exhibits that categories like fear
and surprise show very low F1 scores (0.11
and 0.13), while sadness, joy and hope pro-
vide relatively high F1 (0.64, 0.50, and 0.48),
confirming our previous observation on issues
with handling low-classes predictions, but
also, indicating possible confusion in those
classes due to diachronic shifting in the con-
text of XVI century Spanish emotion expres-
sion. This suggestion is also confirmed by
the overall high rates of FP across all emo-
tion classes, as Table 5 shows.

6 Conclusion

To the best of our knowledge, this study
presents several novel contributions to the
field of TBED in the historical domain of
Spanish, not examined in prior research:

First, we developed an initial methodolog-
ical framework for annotating emotions in

12We excluded the nostalgia and disgust categories
due to insufficient fragments for reliable evaluation.

Emotion P R F1
anger 0.31 0.52 0.39
fear 0.06 0.45 0.11
joy 0.53 0.48 0.50
sadness 0.51 0.85 0.64
surprise 0.13 0.12 0.13
hope 0.35 0.79 0.48
macro avg 0.32 0.54 0.37
micro avg 0.38 0.67 0.48

Table 6: Metrics of the Stack of (1) TF-
IDF + LR, (2) TF-IDF + LinearSVC, and
(3) Sentence Embeddings + LR, the best-
performing model, evaluated on TRACS
corpus.12

historical texts, including a small lexicon to
resolve disagreements, and implemented it
with nine annotators and a moderator for the
TBED annotation of a TRACS corpus.

Second, leveraging this framework, we cre-
ated a novel, manually annotated TBED cor-
pus based on 16th-century Spanish personal
correspondence (TRACS), providing a valu-
able resource for future historical TBED re-
search.

Third, we evaluated monolingual and mul-
tilingual transformer-based models, LLMs,
and lexical-based approaches for historical
TBED. Both pretrained and LLM-based
models show a limited ability to interpret the
historical context and emotion conventions
specific to 16th-century Spanish correspon-
dence, suggesting the lack of this kind of text
in its training data. In contrast, the lexi-
cal approaches show a higher performance.
The best-performing model is the Stack of
TF-IDF + LR, TF-IDF + LinearSVC, and
Sentence Embeddings + LR, integrating the
outputs of all three models by averaging their
emotion probabilities. This model achieved
macro and micro F1 scores of 0.37 and 0.48,
outperforming both the pretrained and fine-
tuned BERT models as well as the LLMs.

Future research should address the class
imbalance, through either the inclusion of
more balanced training examples or more so-
phisticated machine learning techniques, and
the limited capacity of the Stack model to
capture diachronic semantic shifts in 16th-
century Spanish emotion expression.

Limitations

Regarding the limitations of our study, while
we focused on 16th-century Spanish corre-



spondence, additional resources are needed
for TBED in the historical domain. The
present study is only a first step toward un-
derstanding how emotions are conveyed in
historical correspondence, and it demands
further, deeper exploration. Such advance-
ments require the refinement of the annota-
tion methodology, and the enhancement of
our initial lexicon (see Appendix B) that
captures the distinctive textual features used
to convey and accurately interpret emotion-
bearing content.

A further limitation concerns the compo-
sition of the dataset itself. The TRACS is
an authentic historical text corpus and is
not balanced across emotion categories, with
some emotions being considerably more fre-
quent than others. This imbalance directly
affects model evaluation, as classifiers tend to
optimize for majority classes at the expense
of underrepresented ones, making it difficult
to draw reliable conclusions about model per-
formance on rare emotion categories.

Despite achieving the best overall perfor-
mance, the Stack model exhibits important
limitations. Most notably, it tends to predict
True Negatives more reliably than True Pos-
itives due to imbalanced data used for both
training and evaluation. Furthermore, its
predictions are strongly influenced by class
representation in the training and evaluation
data: emotions that appear more frequently
are consistently classified more accurately,
while underrepresented classes remain diffi-
cult to detect. These findings suggest that
the model has not fully overcome the class
imbalance inherent in the dataset, and that
addressing this imbalance constitutes a criti-
cal direction for future work.

While this study focuses on 16th-century
Spanish correspondence, the extent to which
its findings generalize to other historical cor-
pora remains an open question. Factors
such as language, genre, register, tempo-
ral distance, and the availability of domain-
specific resources would all influence transfer-
ability. Adapting the methodology to more
recent historical corpora or to other lan-
guages would require revisiting the emotion
taxonomy, retraining or fine-tuning models
on new data, and reconsidering annotation
guidelines. We regard cross-domain transfer-
ability as an important direction for future
work.

To sum up, our experiments’ outcomes

highlight the importance of currently under-
developed robustly annotated corpora, such
as TRACS, for accurate domain-specific emo-
tions detection as historical texts.
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clerck, J. P. McCrae, J. Gracia, J. Bosque-
Gil, F. Bobillo, and B. Heinisch, edi-
tors, 3rd Conference on Language, Data
and Knowledge (LDK 2021), volume 93
of Open Access Series in Informatics (OA-
SIcs), pages 9:1–9:11, Dagstuhl, Germany.
Schloss Dagstuhl – Leibniz-Zentrum für
Informatik.

Soligo, A., V. Mikulik, and W. Saunders.
2026. Gemma needs help: Investigat-
ing and mitigating emotional instability in
llms.

Troiano, E., L. Oberländer, and R. Klinger.
2023. Dimensional modeling of emo-
tions in text with appraisal theories: Cor-
pus creation, annotation reliability, and
prediction. Computational Linguistics,
49(1):1–72, March.

Vaamonde, G. 2015. P. s. post scriptum: Dos
corpus diacrónicos de escritura cotidiana.
Proces. del Leng. Natural, 55:57–64.

van Tilburg, W. A. 2023. Locating nostalgia
among the emotions: A bridge from loss
to love. Current Opinion in Psychology,
49:101543.

Vera, D., O. Araque, and C. Iglesias. 2021.
Gsi-upm at iberlef2021: Emotion analy-
sis of spanish tweets by fine-tuning the
xlm-roberta language model. In Proceed-
ings of the Iberian Languages Evaluation
Forum (IberLEF 2021). CEUR Workshop
Proceedings, CEUR-WS, Málaga, Spain.

Wakefield, J. 2021. Ai emotion-detection
software tested on uyghurs. BBC News,
26.

Weber, S., L. Greschner, and R. Klinger.
2026. Less is more? the role of de-
mographic author information in emotion
classification of ambiguous text.

Wolf, T., L. Debut, V. Sanh, J. Chau-
mond, C. Delangue, A. Moi, P. Cistac,
T. Rault, R. Louf, M. Funtowicz, J. Davi-
son, S. Shleifer, P. von Platen, C. Ma,
Y. Jernite, J. Plu, C. Xu, T. Le Scao,
S. Gugger, M. Drame, Q. Lhoest, and
A. Rush. 2020. Transformers: State-of-
the-art natural language processing. In
Q. Liu and D. Schlangen, editors, Proceed-
ings of the 2020 Conference on Empirical
Methods in Natural Language Processing:

System Demonstrations, pages 38–45, On-
line, October. Association for Computa-
tional Linguistics.

Yacoubi, I., R. Ferjaoui, W. E. Djeddi, and
A. B. Khalifa. 2025. Advancing emotion
recognition through llama3 and lora fine-
tuning. In 2025 IEEE 22nd International
Multi-Conference on Systems, Signals and
Devices (SSD), pages 348–353.

Zhang, J. and L. Zhong. 2025. Decod-
ing emotion in the deep: A system-
atic study of how llms represent, re-
tain, and express emotion. arXiv preprint
arXiv:2510.04064.

Zhao, J., K. Liu, and L. Xu. 2016. Sen-
timent analysis: Mining opinions, senti-
ments, and emotions. MIT Press.

A Appendix 1: Demographic
Information on Expert
Annotators.

The profiles of the ten experts, as well as their
backgrounds, are provided in Figure 6.

Figure 6: Distribution of annotators by
gender and academic background.

B Appendix 2: Initial Emotions
Lexicon and Instances from
TRACS.

To address annotation disagreements, we fol-
lowed Mohammad and Turney (2010) and
adopted the NRC lexicon format, addition-
ally developing a small set of supplementary
lexicons in the same structure. Among these,
clause-based lexicons proved especially use-
ful for resolving ambiguous cases for TRACS
dataset, as many expressions in 16th-century
Spanish have undergone diachronic semantic
shifts that diverge from their modern inter-
pretations. Drawing on the historical and
philological expertise of our annotation team,
we constructed this lexicon (see Table 7) to



English Spanish A F J Sad Sur H
to be as-
tonished
by

admirar 0 0 0 0 1 0

to get by entretenerse 0 0 0 1 0 0
against all
odds

con todo
porf́ıo

0 0 0 0 0 1

because of
my sins

por mis
pecados

0 0 0 0 0 0

to be
widow

estar viuda 0 0 0 0 0 0

to be held
captive

estar cau-
tivo

0 0 0 0 0 0

kiss
someone’s
hands/feet

besar las
manos/los
pies

0 0 0 0 0 0

Table 7: Clause-based lexicon entries from
TRACS. A – anger, F – fear, J – joy, Sad –
sadness, Sur – surprise, H – hope.

disambiguate emotion categories and ensure
more consistent judgments when annotators
disagreed. Also, the examples from TRACS
corpus can be found in Table 8.

C Appendix 3: Prompting
structure.

Table 9 details the prompt settings used in
the LLM evaluation described in Section 4.2.

D Appendix 4: P.S. Training
Data Label Distribution

Figure 7 shows the label distribution across
the 1.100 instances drawn from the Post
Scriptum (P.S.) corpus we used in our exper-
iments in Section 4.
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Figure 7: Label distribution for 1.100
instances from the Post Scriptum (P.S.)

corpus.

Text A D F J Sad Sur N H
Y mi hermana lo
hizo conmigo que
Dios se lo per-
done porque todo
lo que teńıa lo dejó
a Alonso de Vera
y lo hizo heredero
y a mı́ no me dejó
sino mucha dolen-
cia porque ella es-
tuvo enferma cu-
atro años en una
cama y me dejó
tan molida que
nunca seré para
ser mujer.

1 0 0 0 1 1 0 0

Por lo cual os
ruego señora
prima que con el
portador o con
otro que más
presto venga me
escribais larga-
mente de toda
vuestra vida o de
lo que esperais de
hacer de vos si
tenéis voluntad de
venir a esta tierra
aunque no hay
cosa que más de-
see yo y Gonzalo
Mart́ın mi marido
que veros en esta
tierra.

0 0 0 1 0 0 0 1

Table 8: Instances extracted from the
TRACS corpus. A – anger, D – disgust, F –
fear, J – joy, Sad – sadness, Sur – surprise,
N – nostalgia, H – hope.



Zero-shot Few-shot
Role Eres un experto en análisis de emociones en textos históricos en español.
Task Tu tarea es identificar qué emociones están presentes en fragmentos de cartas del siglo XVI escritas en

español.
Output
format

Entrada: Muchos d́ıas ha que no recibo carta vuestra y mucho me aflijo por ello. Salida: 0,0,0,1,0,0,1

Task
description

Las únicas emociones posibles son exactamente estas siete: anger (ira), disgust (asco), fear (miedo), joy
(alegŕıa), sadness (tristeza), surprise (sorpresa), hope (esperanza).

Para cada fragmento, devuelve una ĺınea con 7 valores binarios separados por comas, en este orden fijo:
anger, disgust, fear, joy, sadness, surprise, hope.

Task
guidelines

1) Devuelve exactamente UNA ĺınea por fragmento, con exactamente 7 valores separados por comas (0 o
1).

2) Usa 1 si la emoción está presente en el fragmento, 0 si no lo está.
3) Un fragmento puede contener varias emociones (varios 1) o ninguna (todos 0).
4) No escribas explicaciones, encabezados, ĺıneas en blanco ni ningún otro texto.

5) No repitas el texto de entrada ni añadas comentarios.
6) No incluyas los ejemplos en tu respuesta.

7) Mantén exactamente el mismo orden de los fragmentos que en la entrada.
Example N/A A continuación se muestran tres fragmentos reales de las

cartas con sus anotaciones correctas, realizadas por
expertos. Úsalos como referencia para entender cómo

deben clasificarse estos textos:
Entrada:

(1) Y mi hermana lo hizo conmigo que Dios se lo
perdone. . . 1

(2) Mucho me huelgo yo de que estés ya tan mejorado. . .
(3) Es verdad también que entre ellas hay muchas

viciosas. . .

Salida:
1,0,0,1,1,0,0
0,0,1,1,0,1,0
0,0,0,0,1,0,0

Text input Ahora clasifica los siguientes fragmentos:
{text1},
{text2},

. . .

Table 9: Full prompt structure for zero-shot and few-shot emotion detection in historical Spanish
correspondence.

1 Full text of the three few-shot examples: (1) Y mi hermana lo hizo conmigo que Dios se lo perdone porque todo
lo que teńıa lo dejó a Alonso de Vera y lo hizo heredero y a mı́ no me dejó sino mucha dolencia porque ella estuvo
enferma cuatro años en una cama y me dejó tan molida que nunca seré para ser mujer. (2) Mucho me huelgo yo
de que estés ya tan mejorado que he estado sin saber de ti y lo que te pido es que te cuides mucho que ya sabes
eres delicado y que cualquier cosa te hace mal. (3) Es verdad también que entre ellas hay muchas viciosas como
entre todas las católicas para eso se les predica mucho que no es decible qué cuidado les cuesta a los padres de la
compañ́ıa que como tú dices parece les ha infundido Nuestro Señor particular gracia.
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