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Abstract

This paper introduces the first emotion-
annotated dataset for the Dari variant of
Persian spoken in Afghanistan. The LetHer-
Learn dataset contains 7,600 tweets posted in
reaction to the Taliban’s ban of women’s rights
to education in 2022 and has been manually
annotated according to Ekman’s emotion cate-
gories. We here detail the data collection and
annotation process, present relevant dataset
statistics as well as initial experiments on the
resulting dataset, benchmarking a number of
different neural architectures for the task of
Dari emotion classification.

1 Introduction

Expression and recognition of feelings are crucial
aspects of human communication and social inter-
action (Dolan, 2002). They significantly influence
our experiences and shape our cognitive abilities,
making emotional intelligence an essential compo-
nent of artificial intelligence (Dolan, 2002). Emo-
tion analysis is a growing research area that aims to
enable machines to effectively recognize, analyze
and understand human feelings and thinking (Mo-
hammad et al., 2018; Mirzaee et al., 2022). Un-
like sentiment analysis, emotion detection usually
covers a broader range of responses, detecting a
variety of emotions such as Anger, Sadness, Fear,
Disgust, Happiness and more.

Online social media platforms allow people to
express their views on a wide range of topics such
as personal, social, political, or even commercial
views. Twitter is one of the rich online sources for
text analysis tasks as it is concise yet abundant in
emotional context. On Twitter, communication is
unrestricted by politics, age, culture, gender, and
other barriers (Ghosh et al., 2020). In the current
media landscape, knowledge about people’s opin-
ions and emotions as expressed on social media
can be important for various objectives, such as

customer service, online sale, the analysis of po-
litical and cultural events etc.

On December 20, 2022, the Taliban regime
banned girls and women from pursuing educa-
tion and employment in Afghanistan. This an-
nouncement shocked the world and the people of
Afghanistan, and it was met with a serious and
swift reaction from politicians and citizens of dif-
ferent countries, as well as the United Nations,
political and civil figures, women activists, and
citizens of Afghanistan. Many expressed their
feelings against the Taliban’s decision on Twit-
ter, Facebook and other social media. In this pa-
per, we present LetHerLearn: a Persian Dari cor-
pus of emotion-annotated Twitter data based on
the collection and analysis of tweets related to the
ban of education in Afghanistan by the Taliban
regime. The goal of this work is to provide insights
into people’s real-time perspectives, attitudes, con-
cerns and reactions in the face of this oppression.

The paper is structured as follows. Section 2 dis-
cusses related work, focusing in particular on pre-
vious work for Persian, Section 3 then goes on to
describe the creation of the LetHerLearn dataset,
detailing the motivation for this work, data collec-
tion, annotation and relevant statistics. Section 4
presents details on modeling and results for experi-
mental evaluations of a number of neural architec-
tures trained and evaluated on LetHerLearn, and fi-
nally, Section 5 concludes the paper and describes
some possible avenues for future work.

2 Related work

In recent years, research on emotion recognition
from text has received increasing attention in the
research community, and several annotated cor-
pora have been created for this purpose (Moham-
mad et al., 2018; Ghosh et al., 2020). These cor-
pora serve as valuable resources for researchers
to develop and build emotion recognition models
(Nandwani and Verma, 2021). While there has
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been significant progress in emotion recognition
research from text, there are still some languages
for which there is relatively little research. Per-
sian is one such language, where there is currently
not much research and limited availability of these
types of datasets. Despite the relatively limited pre-
vious work on emotion detection in Persian lan-
guage, there is some work on resource creation
in the related area of Sentiment Analysis, such as
the SentiPers dataset (Hosseini et al., 2018), the
Digikala dataset (Zobeidi et al., 2019) and the Pars-
ABSA dataset (Ataci et al., 2019) , all based based
on Iranian user comments.

When it comes to the task of Persian Emotion
Detection, the ARMANEMO dataset (Mirzaee
et al., 2022) contains user opinions from social me-
dia and the dataset is annotated using a mixture of
manual and automatic steps, labeling 7500 com-
ments into the 7 classes of Anger, Fear, Joy, Ha-
tred, Sadness, Surprise and Others. The authors
trained and evaluated a number of neural models
(CNN, RNN, ParsBERT, XLLM-Roberta-base and
XLM-Roberta-large models) on the dataset and
the best performing model was XML-RoBERTa-
large, achieving a macro-averaged F1 score of
75.39%. The EmoPars dataset (Sabri et al., 2021),
contains 30,000 emotional tweets collected from
Twitter using specific emotion-related keywords
and the dataset was manually annotated into the
Anger, Fear, Happiness, Hatred, Sadness and Won-
der classes. This constitutes the most similar exist-
ing dataset to the one presented here. In the follow-
ing we will discuss the rationale behind the data
creation effort presented here.

3 Dataset creation

Below we detail the creation of the LetHerLearn
dataset, we begin by discussing the demand that
has motivated the creation of this dataset (3.1), the
data collection method (3.2), continuing on to ex-
plaining the labeling and annotation process (3.3)
and finally we provide some relevant statistics of
our data set (3.4).

3.1 Demand and Importance

Despite the previous research on emotion detection
in Persian, as detailed in Section 2 above, there
is still a lack of research and resources for differ-
ent Persian varieties. The Persian language is an
Indo-European language which has more than 110
million speakers worldwide and is an official lan-

guage in Iran, Afghanistan and Tajikistan (Heydari,
2019). The Persian variant spoken in Iran is called
Farsi, in Afghanistan it is called Dari and in Tajik-
istan Tajiki (Spooner, 2012). Farsi, Dari and Tajik
have the same alphabet and grammar with differ-
ent accents on words in each country. There are,
however, clear differences in vocabulary, where
Farsi tends to have more borrowings from French
and Dari from English. Crucially, however, all
the described datasets above are developed based
on Iranian social media and speakers and none of
these are based on textual data from Afghanistan
and Tajikistan. The lack of an emotion anno-
tated dataset from Dari speakers of Persian, has
motivated the creation of the Dari LetHerLearn
dataset described here. As mentioned earlier, the
events on December 20, 2022, where The Taliban
banned education and all work activities for girls
and women in Afghanistan caused massive emo-
tional reaction on social media. We decided to
base the first emotion annotated Dari dataset on so-
cial media data in order to analyse the reaction and
opinion of the people faced with this event.

3.2 Data collection

The data constituting the LetHerLearn dataset
was collected using Twitter’s official developer
API. We use the Tweepy library and Python
language to extract Persian tweets from the
Twitter API. We collected tweets using sev-
eral relevant Hashtags such as #LetHerLearn,
#AllOrNone, #LetHerwork, #LetAfghanistanGirl-
Learn and #letAfghangirllearn, which were used
by Twitter users in support of the education and
work for the women of Afghanistan. The included
tweets were all posted from December 20, 2022
up to March 10, 2023. The search was conducted
from December 20, 2022 up to March 10, 2023 and
using the mentioned hashtags, we collected around
fifty thousand tweets. Following removal of dupli-
cated tweets, we selected 7600 tweets for manual
labeling.

3.3 Data annotation

Two annotators were involved in labeling the
LetHerLearn corpus. Both of the annotators are
Dari native speakers with good knowledge and
understanding of Dari grammar. We annotated
based on Ekman’s (Ekman, 1992) set of fundamen-
tal emotions, which is widely used by annotators
for annotation of emotions in text. The corpus in-
cludes 6 fundamental Emotions (Anger, Disgust,
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Tweet Label

3K A s ALK AT 4SS i€ Sl 12 Disgust
May God condemn those who have destroyed our home and shelter

25 fisaipd K ol ) FAn o€ Al drn§ b i a0 dnes KA o 3 il gaady ) ey A Happiness
A girl is like a tree, she keeps growing strong, impenetrable roots deep in the ground

) gt oa )8 aily (e S s (53 ) Fear
No one can raise their voice due to the dread of the Taliban

S e A A0 AS G 80 T 3 0h ad LELS 43 (i s il Anger

Watching someone on fire doesn’t truly convey any feeling, however once you experiencing

the torment of being on fire, you will grasp the real pain

Table 1 : LetHerLearn example tweets with emotion label

Fear, Happiness, Sadness and Surprise) and we
used the ’Other’ category for tweets that do not fall
into any of the six basic Emotions. Each tweet was
assigned a maximum of one emotion. In the case
of tweets containing several emotions, the annota-
tors were instructed to assign the emotion they felt
was dominant. The annotators were provided with
a set of annotation guidelines written in Dari. The
annotators were instructed to remove tweets in lan-
guages like Pashto and Uzbek, even if they were
written in the Persian script. Incomplete tweets, for
example, those missing parts of the content along
with hashtags or external links, should also be re-
moved. The full set of guidelines (in Dari and
English translation) are distributed along with the
dataset, however we provide a brief summary of
the guidelines below.

Annotation guidelines The guidelines provided
to the annotators contain detailed descriptions of
the six emotions with example words typically
associated with the different emotions. For in-
stance, the Anger class was described as compris-
ing tweets reflecting emotions of anger, criticism,
or frustration where the text may be confronta-
tional, express strong negative feelings, or carry a
tone of harsh criticism. Words symbolizing anger
might include terms such as ‘lying’, ‘spy’, ‘traitor’,
‘hypocrite’, ‘oppression’ etc.

In addition to instructions describing each emo-
tion class, care was taken to delimit the class of
”Other” which represents tweets that do not dis-
play any particular emotion and convey a neutral
tone. For instance, tweets about mundane activi-
ties or more fact-based posts would fall under this
category. Annotators were further instructed to do
their best to not let personal agreement or disagree-
ment with the opinions stated in the tweets influ-
ence the labeling process and to label without any
bias or directionality. Rather, they were instructed

to depart from their interpretation of the speaker’s
emotional state and attempt to describe it as accu-
rately as possible using one of the provided emo-
tion labels.

Table 1 shows some examples of tweets (with
English translations) from the LetHerLearn dataset
to further illustrate the annotation effort.

Inter-annotator agreement We further assess
the consistency of annotations and measure the
agreement among two annotators using Cohen’s
Kappa (Cohen, 1960) for the double labeling of
100 tweets. The agreement attained over the 100
tweets was 0.80.

3.4 Dataset statistics

The total number of words in our dataset after re-
moval of the tweet’s Hashtag, URL and Mention
is 88,875 words, where 16,276 words are unique
and the average length of the tweets is 4.82 words
long. Figure 1 shows the occurrences of tweets
for each emotion class. Examining the content of
the LetHerLearn dataset, we can see that Anger
is the most observed emotion, followed by Happi-
ness, and we find that Surprise is the least observed
emotion, with only 503 occurrences. The dataset
was further split into train-dev-test splits using a
80:10:10 split for experimentation. Table 2 shows
the detailed class-wise distribution of train, valida-
tion, and test set.

Next, and in order to get some more insight
into the contents of our dataset, we examine the
distribution of most frequent words per class fol-
lowing stop word removal, as shown in table 3
which displays the top frequent words for each
of the emotion classes. We observe that some
words frequently occur in all classes such as ‘Tal-
iban’, ‘Afghanistan’, ‘girls’, ‘women’, ‘everyone’.
There are also clear lexical indicators associated
with each class, such as ‘filthy’ for Disgust, ‘fear’
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Type Train Dev Test
Anger 1366 174 187
Disgust 462 50 57
Fear 483 64 59
Happiness 1266 179 152
Sadness 1032 120 128
Surprise 394 46 50
Other 1082 128 128
Total 6085 761 761

Table 2 : Data distribution for experiments
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Figure 1 : Number of tweets for each emotion class in
LetHerLearn.

for Fear and ‘pain’ for Sadness. We also observe

lexical items describing the cause of emotion, e.g.

‘explosion’ and ‘arrest’ for Fear and ‘justice’ for
Happiness.

4 Modeling

We evaluate a number of classic neural models on
our dataset:

* Long Short-Term Memory Network (LSTM)

* Bi-directional Long Short-Term Memory
Network(Bi-LSTM)

* Gated Recurrent Unit (GRU)
* Convolutional Neural Network (CNN)

All models made use of fastText (Grave et al.,
2018) word embeddings with 300 dimensions for
Persian. Further hyperparameters of the models
are specified in Appendix A.

Ensemble Model After generating predicted
probabilities from the LSTM, BiLSTM and

Class Words

Anger ‘work’, ‘should’, ‘islam’, ‘society’
Disgust ‘curse’, ‘tribe’, ‘damnation’, ‘filthy’
Fear ‘fear’, ‘explosion’, ‘escape’, ‘arrest’
Happiness | ‘justice’, ‘hope’, ‘fight’, ‘rights’
Sadness ‘pain’, ‘close’, ‘forgot’, ‘tired’
Surprise ‘again’, ‘wish’, “someday’, ‘men’
Other ‘life’,“world’ “further’, ‘iran’

Table 3 : Frequent words in each class following re-
moval of stopwords.

Model Precision Recall F1
LSTM 0.67 0.63  0.65
BiLSTM 0.66 0.63 0.64
GRU 0.65 0.62 0.60
CNN 0.66 0.60 0.62
Ensemble 0.69 0.64 0.66
ParsBERT 0.65 0.65 0.65
XML-RoBERTa 0.70 0.70  0.70

Table 4 : Macro Average Precision, Recall and F1 result
of all models on the LetHerLearn test set.

GRU models, we develop an ensemble model
(Dashtipour et al., 2021) using the scikit-learn li-
brary’s VotingClassifier (Leon et al., 2017) class to
combine the predictions result of the LSTM, BiL-
STM, and GRU models.

ParsBERT We use a pre-trained language
model for Persian, ParsBERT (Farahani et al.,
2021) which is a monolingual BERT model.
Hyperparameters are found in Appendix A.

XLM-RoBERTa-large XLM-RoBERTa is a
multilingual transformer-based language model
pre-trained data from over 100 different languages
(Conneau et al., 2019). Hyperparameters are
specified in the appendix.

4.1 Results

The results of our experiments are summarized
in Table 4, which shows the evaluation result of
the different models described above. The results
show that the ensemble model achieves better re-
sults compared to the LSTM, BilSTM, GRU and
CNN models on their own, as has been shown also
in previous work (Onishi and Natsume, 2014).

We further find that the XLM-RoBERTa-large
model outperforms the other models. The per-

274



Tweet True Label Predicted Label
MSJAAS‘;J“JSA)JMS:\AQ;*A\J&LAMJS&)HJM Anger Sadness
A hard heart satiety advise the hungry to endure the pain of hunger
2 gdine Coui La (595 )) S0 SS9 Sadness Anger
I dreamt that my homeland had become prosperous and independent
S (gl 1) oy i b (ala i ) gLl Fear Anger
The Taliban forget the Shariah under foreign pressure
Sosmila sl 0 (> 6l Surprise Happiness
Oh,What tragic and painful situation
Table 5 : Examples of misclassified tweet.
Class Precision Recall F1 Score _ _ 100
Anger 0.52 0.57 0.54 Surprise - Confusion Matrix
Disgust 0-86 084 0.85 14.00 0.00 5.00 19.00 20.00 1.00
Sadness - 30
Fear . 0.84 0.86 0.85 7.00 0.00 0.00 2.00 9.00 4.00
Happiness 0.67 0.71 0.69 Other -
SadneSS 058 061 059 16.00 0.00 1.00 11.00 3.00 21.00
Surpri 0.82 0.85 0.84 Happine== ] ”
urprise : : : 7.00 0.00 1.00 I 21.00 0.00 14.00
Other 0.62 0.44 0.52 Fear -
Macro Average 0.70 0.70 0.70 8.00 0.00 2.00 5.00 100 5.00 - 40
Disgust -

Table 6 : Individual class performance using XLM-
RoBERTa-large model.

class results, shown in Table 6 show that the scores
vary for the different emotion classes, with the
highest results obtained for the Disgust and Fear
classes, and the most difficult classes being the
Other class, as well as the Anger class.

4.2 Error analysis

We perform an error analysis on the outputs of our
model in order to gain further insight into the clas-
sifications on the LetHerLearn dataset. It is clear
that there is not a direct correlation between low-
frequency classes (such as Disgust) and prediction
performance. Figure 2 provides a confusion ma-
trix heat map of the predictions. We find that Sur-
prise is often mistaken for other categories, such
as Happiness, Other and Anger. Not surprisingly
perhaps, the Other class is also often mistaken for
other classes.

Following our analysis of the misclassified pre-
dictions, we can infer some of the reasons: the as-
signment of a maximum of one emotion for each
tweet is problematic for some of the tweets that
have more than emotion. We also analyze the word
overlap between the tweets and find that classes

11.0036.000 0.00 1.00 0.00 0.00 1.00

Anger ~50
ﬁ 0.00 10.00 12.00 20.00 2.00 13.00

Anger
Disgust -
Fear -
Happiness -
Other -
Sadness -
surprise -

s

Figure 2 : Confusion matrix heat map.

with a high degree of overlap tend to also suffer
from misclassification. Table 5 shows some exam-
ples of misclassified predictions.

5 Conclusion

We have presented LetHerLearn: the first Dari
emotion-annotated dataset of tweets collected fol-
lowing the Taliban’s ban of women’s education in
2022. All data and code will be made available.'
In future work, we would like to experiment with
cross-variant Persian emotion detection as well as
multitask learning of sentiment and emotion.

'https://github.com/ltgoslo/LetHerLearn; due
to the privacy restrictions applied by Twitter API, only tweet
IDs along with annotations will be made available.
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A Appendix

A.1 Model hyperparameters

Long Short-Term Memory Network(LSTM)
Our model has 128 neurons with dropout and
recurrent-dropout of 70%. The optimizer is adam
and the number of epochs is 30 with learning rates
of 0.01. and an output layer with 7 neurons, one
for each class, batch size is 80.

Bidirectional Long Short Term Memory Net-
work (Bi-LSTM) We use Bidirectional LSTMs
with SpatialDropoutlD of 0.2 and dropout and
recurrent-dropout of 70%. We trained with differ-
ent optimizers and achieved the highest result with
adam, 30 epochs and a learning rates of 0.01 with
batch size 64.
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Gated Recurrent Unit (GRU) The GRU net-
work has 4 layer in our proposed model and after
feature extraction using fastText word embedding,
the embedding layer of size (15130, 300) consti-
tutes the input. We used adam optimizer with 1
= 0.9, B2 = 0.999 and learning rate of 0.01. Our
model includes 64 neurons, SpatialDropout1D of
0.2 and dropout and recurrent-dropout of 65%.

Convolutional Neural Network (CNN) Our
proposed CNN model has four layers, the Conv1D
layer has 256 filters and a kernel size of 5 with relu
activation function. The Dense layer has seven
unit with softmax activation function, batch size
is 96, Dropout value is 0.7 and we used the adam
optimizer with 1 = 0.9, B2 = 0.999 and learning
rate of 0.01.

ParsBERT The hyperparameters for the Pars-
BERT model fine-tuning was performed for seven
epochs with a batch size of 32, specifying the max-
imum length of the encoded sequence to 128 and
using the AdamW optimizer with f1 = 0.9, 2 =
0.999, learning rate scheduler is (2e-5) and linearly
decreasing from the initial to 0 by the end of the
last epoch.

XLM-RoBERTa-large The hyperparameters
for the the XLM-RoBERTa-large is eight epochs,
batch size of 32, learning_rate of 2e-5, optimizer
of Adam and maximum length of 128. Table 6
shows the prediction results for each emotion
class using this model.
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