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Abstract

Background: Depression is an increasing concern worldwide that requires urgent attention, particularly in
Thailand. Without timely intervention, it can lead to serious consequences, such as health complications,
reduced social participation, and even suicide. Consequently, research has increasingly focused on developing
algorithms to identify and classify social media data into depression severity.
Objectives: This study aimed to examine label mismatches between self-assessment forms and social media
behaviors and to evaluate the feasibility of using experts’ opinions to classify Thai Facebook text into
depression categories.
Methods: The methodology involved data collection through surveys and Facebook scraping, followed by
data preprocessing, feature engineering, and model training and validation. The models employed included
the support vector machine, logistic regression, and decision tree, applied at the subject- and text-level.
Labels were derived from the Thai Depression Inventory (TDI) and experts’ evaluations.
Results: Only 30 out of 60 participants actively used Facebook during the study period, with substantial
variation in posting behavior. Subject-level classification using TDI labels yielded better, more balanced
performance metrics than classifications based on experts’ opinions at the subject- and text-level. Part-of-
speech tagging showed slight correlations with depression severity, whereas emotions did not.
Conclusion: Subject-level classification using self-assessment labels performed better than expert-derived
labels and text-level classification when compared to a dummy baseline model. This suggests a slight correlation
between the self-assessment forms and social media behaviors. In contrast, the poor agreement between
labeling approaches suggests that text data alone may be insufficient as a reliable clinical indicator of
depression.
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Depression is one of the most common and
concerning mental health issues worldwide, with
the number of affected individuals increasing by
59.3%, or 290 million cases, in 2019. Beyond its
widespread prevalence, it also contributes
substantially to various areas, including cardiovascular
diseases, increased suicide rates, and economic
impact.(1) Seeking help from psychiatrists, family

members, or friends can reduce the severity of this
condition. Recently, another common approach is the
use of social media to express feelings, thoughts, and
moods in an open and anonymous environment.(2)

Over the past two decades, Thailand has
undergone rapid demographic and economic changes,
which have placed a considerable burden on the
healthcare system and affected the mental health of
its citizens.(3) According to health organizations in
Thailand, the number of depression diagnoses has
increased from approximately 355,000 in 2020 to
358,000 in 2021. Moreover, suicide rates have
increased from 5 to 7 per 100,000 individuals in 2021.(4)

Timely intervention, particularly consultation with a
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psychiatrist, can help reduce the severity of
depression; however, most hospitals face challenges
such as insufficient staff, underfunding, and patient
overload.(5) The World Health Organization stated that
the average number of mental health professionals
worldwide is 10.15 per 100,000 people. As of 2022,
Thailand  has approximately 2.85 per 100,000, with most
concentrated in Bangkok and other major cities.

Unfortunately, more than 70% of individuals do
not seek help due to stigma, discrimination, and
negative stereotypes created by society, including
societal pressure, cultural norms, and anticipated
discrimination.(6, 7) Therefore, various questionnaires
are becoming more widely available as preliminary
screening tools for self-assessment, with the aim of
promoting self-awareness and empowering
individuals to take proactive steps toward their
well-being. Well-known examples include the Beck
Depression Inventory (BDI), Hamilton Rating Scale
for Depression (HRSD), and Zung Self-Rating
Depression Scale (SDS).(8) However, most of these
tools are largely derived from Western concepts of
depression, which may limit their reliability and
validity when applied to other cultural contexts,
particularly in Asia. This is because Western
ethnocentric frameworks often fail to capture the
culturally specific expressions.(9) As a result, Lotrakul
M, et al. developed the Thai Depression Inventory
(TDI), which is a scale specifically designed to
measure the severity of depression within the Thai
population. The TDI was adapted from the BDI, SDS,
and HRSD, and it incorporates culturally specific
expressions as well as common manifestations of
distress among Thai individuals with depression.(10)

Despite the availability of these tools, their reliance
on manual administration remains a limitation. This
has motivated a growing interest in computational
approaches.

One of the most transformative and adaptable
technologies of the 21st century is machine learning
(ML), along with natural language processing
(NLP).(11) By integrating these two fields, researchers
have developed innovative tools for classification
tasks. Such tools are scalable, cost-effective, and
proactive, as well as applicable to languages other
than English. For example, Sho T, et al. conducted a
study to evaluate the effectiveness of using social
media activity, combined with a support vector
machine (SVM) model, for estimating depression
severity.

Their methodology involved participants completing a
self-assessment questionnaire to measure the degree
of depression, which was then used to label Japanese
data collected from Twitter.(12) Similarly, Boriharn K,
et al. compared the performance of convolutional
neural networks, long short-term memory networks,
and a hybrid of both to determine the most effective
combination for Thai text.(13) Another similar study was
conducted by Dhiaa M, et al., which focused on widely
used ML algorithms, including random forest, logistic
regression (LR), and Naïve Bayes, applied to Arabic
Twitter data. (14)The latter two studies collected data
and labeled it based on depression-related keywords.

Even though numerous studies have been
dedicated to this field, most have primarily focused
on evaluating model performance using labels from
self-assessment questionnaires or depression-related
keywords. While this is a promising approach, it raises
an important question about whether identifying the
best-performing model or using keyword-based data
collection truly reflects the practical effectiveness of
ML models in diagnosing depression in real-world
scenarios. Therefore, this study aimed to investigate
whether ML models are a suitable approach for
classifying depression into different categories based
solely on Facebook text. It examined label mismatches
between self-assessment forms and social media
behaviors. In addition, it evaluated whether these data
alone could provide sufficient information for this task
by analyzing them at the subject- and text-level, using
labels derived from self-assessment forms and
experts' opinions. This article contributes to the growing
body of research on mental health classification by
evaluating the feasibility of applying ML to classify
depression-related categories based on text, providing
insights into the extent to which social media data can
serve as a reliable indicator of depression, and offering
suggestions for future research in this field. The
findings are intended to inform researchers of the
potential and limitations of ML for text-based
depression screening. Unlike traditional approaches
that rely solely on self-assessment tools or experts'
opinions, the methodology used in this research
integrates both evaluations, with classification
conducted at the subject- and text-level. In this
research, expert opinion refers to the evaluation
conducted by a board-certified psychiatrist
experienced in diagnosing mental illnesses.
Furthermore, subject-level classification involves
concatenating all texts posted by each participant
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during the study period, with each data point
representing a participant and potentially including
multiple texts. In contrast, text-level classification treats
each post as a separate data point. In addition, this
study recruited participants with a history of seeking
help from a psychiatrist due to depression.

Materials and methods

Figure 1 provides an overview of the methodology
used in this research. The four main steps, indicated
within the dotted black box, are as follows: 1) data
collection; 2) preprocessing and feature engineering;
3) data labeling; and 4) model selection, training, and
validation. In the "Preprocessing and feature
engineering" section, the colored boxes indicate the
workflows used for the subject- (pink) and text-level
(purple) classification procedures. Similarly, in the
"Data labeling" section, the green boxes represent the
experts' labeling procedures. These  main  steps are
explained in detail in the following subsections.  

Data collection
Before data collection, full board review and ethical
approval were obtained from the Institutional Review
Board of the Faculty of Medicine, Chulalongkorn
University (COA no. 0229/2025). Next, a Google
Form was created, consisting of two sections:

1. General questions comprised of five short-
answer questions for participants who had never
visited a psychiatrist and six for those who had
(Figure 2A). It collected demographic information
as well as the participant's Facebook account name.

2. TDI self-assessment questions comprised of 20
multiple-choice questions (Figure 2B).

These forms were primarily distributed via Line
groups to friends and family members. In addition,
during data scraping, a new Facebook account was
created to ensure that only public profiles were being
used.

Data preprocessing and feature engineering
The two essential steps were data preprocessing and
feature engineering. Data preprocessing involved
cleaning the text by removing noise, such as emojis,
hashtags, and special characters, and performing spell
checks. This was followed by tokenization, which
breaks down the text into smaller units called "tokens",
then vectorization. The tokens were mapped into
vectors in a numerical space, which can be interpreted
and processed by machines. Another important step
was feature engineering, which focused on extracting
meaningful attributes that aid classification and
differentiation. Therefore, the selected features
included linguistic structure and emotional expression,
as these are indicators that are commonly evaluated
by psychiatrists.(15, 16)

Figure 1. Methodology overview.
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Figure 2. Google Form used for data collection. (A) section 1 (general questions) and (B) section 2 (TDI). (10) 
TDI, Thai Depression Inventory.
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  For the expert's opinion, two board-certified psy-
chiatrists were recruited to assist in labeling the text
and subject. Before labeling the research dataset, they
were asked to independently label a sample dataset
consisting of 30 social media posts, as shown in
Figure  3.(17)

Data labeling
Data  labeling  was  derived  from  two  sources:  self-
assessment  and  experts'  opinion.  Once  the  partici-
pants completed the TDI form, their total scores were
calculated,  and  a  depression  severity  level  was  as-
signed according to the following ranges: (1) no de-
pression: 0-20; (2) mild depression: 21-25; (3) major
depression: 26-40; and (4) severe depression: 41-60.

Figure 3. Example of the sample dataset provided separately to experts for the inter-rater reliability test(17), with the
“Depression classification” column left blank for the experts to complete.
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Their results were then used to compute
the weighted Cohen's Kappa ( ) score. If  the   value
exceeded 0.60, the experts would proceed to label
the actual research dataset. If the   value was below
0.60, they would undergo additional training and
repeat the reliability assessment until the threshold
was achieved.(18) During the labeling of the research
dataset, if the two experts disagreed on a label, the
more severe label was assigned to prioritize early
detection. For subject-level labeling, if more than one
text instance was labeled with a higher severity, the
final assigned subject-level label was assigned based
on the highest severity classification.

Model selection, training, and validation
Based on previous studies that also used social media
text, the best-performing algorithms were SVM, LR,
and decision tree (DT).(12, 14, 17) The SVM model
exhibited strong generalization performance. The
variant used was the LinearSVC classifier,
which was selected for its suitability in handling
high-dimensional, sparse data commonly produced
after vectorization. The LR model, specifically the 
Stochastic Gradient  Descent (SGD) classifier, was
used as it has high computational efficiency and
capable of processing large-scale data. This optimizer
updates the model's weight incrementally using small
random batches of training data rather than the entire
dataset, thereby allowing efficient handling of high-
dimensional and sparse inputs. Lastly, the DT model,
DecisionTreeClassifier was used as a benchmark
because it can capture nonlinear relationships. As for
the hyperparameters, "RandomizedSearchCV" from
"scikit-learn sklearn.model_selection" was used to
identify the optimal combinations for maximizing model
accuracy. A summary of the models, hyperparameters,
and rationale is presented in Table 1.

The data were then split into training and testing
sets using 5-fold cross-validation for the subject-level
and 5-fold group cross-validation for the text-level
classification to maximize the use of the small dataset.
Participant Id.’s were not used as model inputs but
rather as reference parameters. This ensured that
data points belonging to the same participant were
kept together, thereby preventing data leakage and
overly optimistic performance estimates when the data
are not independent and identically distributed. For
model evaluation, “classification_report” from the
sklearn.metrics library was used to automatically
calculate the precision, recall, F1-score, support, and
accuracy for the model.

Results

Overview of the collected data
A total of 60 forms were collected, comprising 42
female and 18 male participants. Among them, 45
individuals had never visited a psychiatrist, while the
remaining 15 had. The primary reasons for these
visits, in addition to depression, included anxiety,
insomnia, and stress. The participants’ ages ranged
from 18 to 88 years, with a mean age of 46.0 ± 17.0
years. Most of the participants were either currently
enrolled in or had completed a bachelor’s degree (35),
followed by a master’s degree (17), a PhD (4), a
vocational degree (2), a postgraduate degree (1), or a
nursing degree (1). Participants with "mild depression"
contributed 6 months of data collected between January
1 and June 30, 2025. In contrast, those with "severe
depression" contributed 9 months of data collected
between September 1, 2024, and June 30, 2025.(15, 16)

From the collected data, some participants either
did not post during the study period (6–9 months), did
not have an active Facebook account, or had their
accounts set to private. These individuals were
therefore excluded from the study, as data scraping

RationaleHyperparametersModel
Suitability in handling high-sparse data commonly seen after vectorizationmax_iter = 1000,

SVM and used in text classification tasks due to its strong generalizationloss = ‘hinge’,
performance.C = 0.001,

penalty = ‘l1’, Computational efficiency and ability to process large-scale sparse text
max_iter = 1000, representations.
loss = ‘log_loss’,
alpha = 2.64e-05,

Used as benchmark model to compare classification performance againstmax_depth = 8,
linear-based approaches. It can also capture non-linear relationshipsmin_samples_leaf = 1,
between linguistic features and depression levels.min_samples_split = 4,

criterion = ‘entropy’

Table 1. Summary of the models, hyperparameters, and rationale used in this research.

 


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could not be conducted. The removal of these
participants introduced selection bias toward individuals
with higher levels of social media activity. In addition,
it limited the generalizability and applicability of the
ML models, as the analysis was restricted to active
Facebook participants only. Among these, the majority
of users (16) suffer from major depression, followed
by mild (11), severe (2), and no depression (1), based
on their TDI responses.

Data preprocessing
The primary platform and tools used for model
development were Jupyter Notebook, with Python’s
built-in "re" library and PyThaiNLP. (19) The "re" library
was used to remove noise such as hashtags, URLs,
special characters, and emojis, while the latter was
used for spell checking, tokenization, and vectorization.

Once the data had been scraped from Facebook
and stored in an Excel sheet (Figure 4A), the first
step was to remove noise using the "re" library by
deleting a set of predefined characters and emojis,
which resulted in the output shown in Figure 4B.
The cleaned text then underwent spell check
and tokenization (Figure 4C) before being
vectorized. Tokenization was performed using the
"pythainlp.tokenize.word_tokenize" function with the
default "NewMM" engine. This engine is a dictionary-
based Thai word segmentation algorithm that combines
maximal-matching approaches with Thai character
clusters. It works by inserting spaces between the
longest possible matching words found in the Thai
dictionary. Spell checking also relied heavily on the
"Thai_words" function, which identifies the closest
correct spelling for a given word by using a frozenset
of approximately 62,000 common Thai words. Finally,
vectorization was performed using the "word_vector"
module with the default "thai2fit_wv" model. This
model is based on the Word2Vec approach, a shallow
neural network that learns word associations from
bodies of large text. It contains more than 51,000
words, each represented by a 300-dimensional vector.
The tokenized text was input into the model and
matched against the “thai2fit_wv” vocabulary. If the
token was present, its corresponding vector was
stored. The vectors for all tokens within a sentence
were then averaged to produce a single fixed-size
vector representing the entire text.(19) This averaging
process enabled texts of varying lengths to be
represented as fixed-size semantic vectors, allowing
consistent input into the model while preserving the

contextual information. Figure 4D presents examples
of 10 random words from the dataset and their
corresponding vectors.

Labels derived from the TDI score and experts'
opinions for the usable data
Based on the completed TDI scores, 16 individuals
were classified as having "major depression", 11 with
"mild depression", 2 with "severe depression", and 1 with
"no depression". A total of 1,496 text posts were
collected. However, due to the extremely limited
number of samples in the "no depression" and "severe
depression" categories, separate analysis was not
statistically feasible. In addition, the corresponding
TDI scores were borderline between these two
classes. Therefore, these categories were merged
into the "mild depression" and "major depression"
classifications to minimize the effects of
underrepresented classes and improve the stability of
the classification analysis.

The inter-rater reliability test was calculated using
the "irr" library in RStudio and the "kappa2" function,
which computes the weighted   score. This accounts
for the degree of disagreement by assigning different
weights to varying levels of discrepancy. The initial
score  was  relatively  low  at  14.0%,  prompting  a
discussion session in which both experts explained
their labeling processes and collaboratively developed
a new set of labeling criteria. Once the new criteria
were established, the experts re-labeled the sample
dataset, resulting in a substantially improved   score
of 76.0%. Subsequently, they were instructed to label
the research dataset, which had already been
preprocessed and anonymized. Each expert
reviewed all text data for every participant and
assigned text- and subject-level labels, with the latter
based on all participants' posts.

Table 2 summarizes the number of participants
and text entities in each depression severity category,
based on the TDI score and experts' opinions, which
were used as input for the ML model. In total, the
experts labeled 1,382 rows of text, rather than the
originally scraped 1,496, because some rows became
empty after data preprocessing and were therefore
removed. In addition, there was no TDI score for
individual text entries because the TDI assesses a
participant's overall emotional state. In contrast, text
data are largely instantaneous and reflect how a
participant feels at a specific moment. As a result,
text data is more sensitive to short-term emotional
fluctuations.


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Figure 4. (A) Original Facebook text, (B) results after noise removable, (C) results after spell check and tokenization, and
(D) examples of 10 random vectorized words.

Table 2. The number of participants and text entities for each depression severity level based on TDI score and experts’
opinion.

Experts’ opinionTDI score
No. text entitiesNo. participantsNo. participants*Depression severity

No relevance 1,20610-
No depression 12617-
Mild depression 50312
Major depression --18

A 

 

B 

 

C 

 

D 

 

 
TDI, Thai Depression Inventory.; No. participants*, Number of participants; No. text entities, Number of text entities;
No, No depression; Mild, Mild depression; Major; Major depression.
*The number of participants in the TDI column excludes the “no depression” and“severe depression” groups  because
they were merged.
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Table 3 presents a confusion matrix comparing
depression-related labels across the TDI scores and
expert evaluations at the subject-level. The TDI
categorized depression severity into four levels: no,
mild, major, and severe depression, whereas the
experts classified participants into three categories:
no relevance, no depression, and mild depression. The
term "no relevance" indicates that the text was
ambiguous and did not provide sufficient evidence to
determine the individual's mental state.

As shown in Table 3, there was limited
agreement between the two labeling methods, with
no participants receiving identical labels from both
sources. The agreement rate was 0.0%, and the
calculated   was extremely low at 11.0%, indicating
weak consistency between the TDI-based and
experts-derived labels. This discrepancy may be
attributed to a time-window mismatch between the
two labeling approaches. The TDI questionnaire
captures depression-related context over two weeks,
whereas expert labels were derived from Facebook
data spanning several months. Nevertheless, three
participants were labeled as having "major depression"
according to their TDI scores, but experts assigned
them as having "mild depression". This may suggest
that certain depression-related indicators could still be
observed from text, even without prior background
knowledge or detailed clinical history. In addition, self-
presentation bias on Facebook may contribute to this
gap, as users can curate their idealized online
personas. This results in a divergence between an
individual's cyber-self and their real-life mental state.

Feature extraction
The selected features included part-of-speech (POS)
tagging and emotion, both of which have been shown
in numerous studies to be effective in supporting the
classification process.(19) POS tagging covers a broad
range of grammatical categories; however, the

features chosen for this study were the number of
nouns and verbs used, the number of word tokens,
and the average token length. The word count and
average token length were computed using standard
Python functions, where the word count was obtained
from the length of the token list, and the average token
length was calculated by dividing the sum of token
lengths by the total number of tokens. Noun and verb
counts were derived using the "pos_tag" module by
counting words tagged as nouns ("N") or verbs ("V")
according to the Perceptron model that was trained
on the ORCHID dataset.(25)

Emotion detection was performed using the
Sentiment library, which is a pretrained model within
the PyThaiNLP corpus. This model was developed
by native Thai speakers, combined with deep
learning approaches (e.g., DeepCut and neural
networks) and dictionary-based feature models
designed and trained for this task. The engine used
was a lexicon-based approach. Each token in a
sentence was assigned a positive (pos) or negative
(neg) score based on the lexicon, and these scores
were summed to determine the overall text sentiment.

Figure 5A shows that the word count for the 30
participants varied substantially, with an average value
of 2,683 ± 5,160. Some participants posted very little
(e.g., Participant Id. 6 posted only five words),
whereas others generated considerably more text
(e.g., Participant Id. 11 produced 17,215 words). The
average noun count was 1,100 ± 2,270, whereas the
average verb count was 686 ± 1,236. Regarding the
number of nouns and verbs, nouns appeared more
frequently, which aligns with their common usage in
Thai text. For emotions (Figure 5B), approximately
90% were labeled as positive, with only Participant
Id.'s 6, 12, and 26 receiving negative labels. These
participants were also among those who posted fewer
than 10 words.

TDI score
TotalMajorMildNo

No relevance
No
Mild 00
Major 00

120Total

Table 3. Comparison between depression severity labels derived from TDI score and experts’ opinion for subject-level
classification.

TDI, Thai Depression Inventory; No, no depression; Mild, mild depression; Major, major depression; Total; total number
of labels for each category.

Experts’ opinion

10
11
3
0
18

17
3
0



0
0

6
6

4
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Figure 5C illustrates that participants labeled with
"mild depression" tend to write more and therefore
use more nouns and verbs than the other two
categories. For emotions (Figure 5D), the "mild
depression" group was associated with positive
emotions in contrast to the "no relevance" group, which
was mostly associated with negative emotions. This
pattern was consistent across all participants when
grouped by experts' labels.

A Kruskal–Wallis H test was conducted on the
word count, average token length, normalized noun

and verb counts, and emotion to examine whether these
features differed across labels at the subject-level.
Due to the correlations among the extracted features
and the multiple statistical comparisons, the P-values
were adjusted using the Benjamin-Hochberg
procedure to control the false discovery rate. This
analysis was not conducted at the text-level, as it could
introduce nonindependence, as some participants may
post identical text multiple times. Figure 6A shows
that only the word count was significant. In contrast,
when the expert labels were grouped at the subject-
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level (Figure 6B), no significant differences were
observed in the word count. In addition, average token
length, noun count rate, verb count rate, and emotion
scores did not differ significantly across groups for
either labeling approach. These findings suggest that
text length may be associated with depressive
symptoms, whereas other linguistic and emotional
features demonstrated limited discriminatory capability
at the subject-level.

Input for the subject-level model
The input data for the subject-level classification
included the participant Id.'s, labels from TDI (Figure
7A) and expert opinions (Figure 7B), vectorized and
concatenated Facebook text, and the extracted
features.

Subject-level classification with TDI labels
For the supervised learning approach, three models
were employed using input from the TDI and expert
labels. From the box plot, the SVM model achieved
moderate training accuracy across all five iterations,
with values ranging from 50.0% to 79.0% and a median

of 75.0%, where most iterations achieved an accuracy
above 70.0% (Figure 8A). The overall accuracy was
50.0%, indicating limited discriminative capability. In
addition, the macro-average metrics were similar, with
a precision and recall of 53.0% and an F1-score of
50.0% (Figure 8B). The confusion matrix further
demonstrated this, with 15 misclassifications,
particularly where the 11 individuals with "major
depression" were labeled as "mild depression" (Figure
8C).

The box plot for the LR model also demonstrated
limited classification capability, with training accuracy
ranging from 54.0% to 67.0% and a median of 63.0%.
However, the results were more variable and spread
out than those of the SVM model (Figure 9A). The
overall accuracy was slightly higher at 60.0%, although
the macro-average metrics were lower. Precision was
the lowest at 30.0%, followed by an F1-score of 38.0%
and a recall of 50.0% (Figure 9B). The confusion
matrix further revealed that the model predominantly
predicted the "major depression" class, resulting in 12
misclassifications and a complete failure to identify
any participants with "mild depression" (Figure 9C).

 

A 

 

B 

 
Figure 6. Kruskal-Wallis H-test,  along with the BH correction for extracted features at the subject-level grouped based on
(A)  TDI labels and  (B)  expert labels. BH, Benjamin-Hochberg; 
TDI, Thai Depression Inventory.
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Figure  7.  Input  data  including  participant’s  Id,  labels  from  the  (A)  TDI  form  and  (B)  experts’  opinion,  vectorized
concatenated Facebook text, assigned emotions, and POS tagging for subject-level classification. 
POS, part-of-speech;TDI, Thai Depression Inventory.

Figure 8. Box plot of SVM’s  (A)  training accuracy, (B)  overall testing accuracy and classification report, and  (C)  confusion
matrix against TDI labels at the subject-level. 
SVM, support vector machine; TDI, Thai Depression Inventory.
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Finally, for the subject-level classification using
TDI labels, the DT box plot demonstrated the best
overall classification performance, with training and
median accuracy of 100.0% across all five iterations
(Figure 10A). The overall accuracy was also the
highest among the three models at 70.0%. The macro-
average metrics were all greater than 60.0%, with

the highest being precision at 69.0%, followed by recall
and F1-score at 67.0% (Figure 10B). The confusion
matrix showed nine misclassifications, with the majority
(six) occurring when "mild depression" cases were
incorrectly labeled as "major depression" (Figure
10C).

 

 

A B 

 

C 

Figure 9. Box plot of LR’s  (A)  training accuracy, (B)  overall testing accuracy and classification report, and  (C)  confusion
matrix against TDI labels at the subject-level. 
LR, logistic regression; TDI, Thailand Depression Inventory.
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Figure 10. Box plot of DT’s  (A)  training accuracy, (B)  overall testing accuracy and classification report, and  (C)  confusion
matrix against TDI labels at the subject-level. 
DT, decision tree; TDI, Thai Depression Inventory.
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Subject-level classification with expert-derived
labels
When the SVM model was trained using experts'
opinions as labels, the training accuracy ranged from
71.0% to 79.0%, with a median of 75.0%, and was
mostly concentrated near the lower boundary, as
illustrated in the box plot (Figure 11A). The overall
accuracy was 67.0%; however, the macro-average
metrics were considerably lower. Recall was the
highest at 34.0%, followed by precision at 33.0% and
an F1-score of 32.0% (Figure 11B). The confusion
matrix revealed that the model produced only 10
misclassifications. However, the model failed to predict
any "mild depression" cases and predominantly
classified samples into the dominant "no relevance"
category (Figure 11C).

The LR model achieved a training accuracy range
similar to that of the SVM model, ranging from 71.0%
to 80.0%. However, the median accuracy was
approximately 71.0%, placing it closer to the lower
end of the distribution (Figure 12A). The overall
accuracy was slightly higher at 73.0%, although the
macro-average metrics were lower. Precision was
the lowest at 24.0%, followed by F1-score at 28.0%
and recall at 33.0% (Figure 12B). Based on the
confusion matrix, the model produced only eight

misclassifications but demonstrated severe majority-
class prediction bias. In other words, the model only
predicted the "no relevance" class (Figure 12C).

Finally, the DT model was also used for the
subject-level classification based on experts' labels.
The box plot showed findings similar to those obtained
with TDI labels, with training accuracy ranging from
96.0% to 100.0% and a median of 100.0% (Figure
13A). However, the overall accuracy was the lowest
among the models using experts' labels, at 60.0%. The
lowest macro-average metric was precision at 29.0%,
followed by F1-score at 30.0%, and recall at 31.0%
(Figure 13B). Furthermore, it had the highest number
of misclassifications of 12, according to the confusion
matrix. The model predominantly predicted either "no
depression" or "no relevance," with the latter being
more frequent (Figure 13C).

Input for the text-level model
The input data for the text-level classification included
the participant Id.'s, labels, Facebook text, and
extracted features, as illustrated in Figure 14. The
"Label" column was derived only from the expert
evaluations. Furthermore, the input data substantially
increased from 30 rows (corresponding to 30
participants) to 1,382 rows.
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Figure 11.  Box plot of SVM’s  (A)  training accuracy,  (B)  overall testing accuracy and classification report, and  (C)  confusion
matrix against expert-derived labels at the subject-level. 
SVM, support vector machine.
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Figure 12. Box plot of LR’s (A) training accuracy, (B) overall testing accuracy and classification report, and (C) confusion
matrix against expert-derived labels at the subject-level. LR, logistic regression.

Figure 13. Box plot of DT’s (A) training accuracy, (B) overall testing accuracy and classification report, and (C) confusion
matrix against expert-derived labels at the subject-level. DT, decision tree.
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Text-level classification with expert-derived labels
For the supervised learning approach at the text-level,
the same three models were employed, using labels
derived solely from the expert evaluations. Moreover,
the overall test accuracy exceeded 70.0% due to the
substantial increase in the amount of available data.

The SVM box plot showed that the training accuracy,
as well as the median, clustered around 88.0% with

marginal fluctuations (Figure 15A). The overall
accuracy was only slightly lower at 87.0%, however,
the macro-average metrics were substantially lower,
with a precision of 29.0%, followed by an F1-score
of 31.0% and recall of 33.0% (Figure 15B).
According to the confusion matrix, 176 of 1,382
samples were misclassified. However, the model only
predicted the "no relevance" class (Figure 15C).

 Figure 14. Input data including participant’s Id, labels from experts’opinion, vectorized  Facebook text, assigned emotions,
and POS tagging for text-level classification. 
POS, part-of-speech.
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Figure 15.  Box plot of SVM’s  (A)  training accuracy, (B) overall testing accuracy and classification report, and  (C)  confusion
matrix against expert-derived labels at the text-level. 
SVM, support vector machine.
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The training accuracy for the LR model ranged
from 48.0% to 87.0%, with most values clustering at
the higher end and a median of 86.0% (Figure 16A).
The overall accuracy was lower than that of the SVM
model at 78.0%, but with slightly higher macro-average
values. Recall was the highest at 35.0%, followed by
an F1-score of 34.0%, and a precision of 33.0%
(Figure 16B). From the confusion matrix, the model
produced 301 misclassifications, primarily by labeling
"no depression" when the correct label was "no
relevance" (Figure 16C).

Lastly, the DT model exhibited training accuracy
ranging from 96.0% to 99.0%, with a median of 99.0%
(Figure 17A). A slight drop in overall accuracy to
79.0% was observed. This model achieved the highest
macro-average performance among the three models.
Recall was 42.0%, followed by an F1-score of 41.0%,
and precision of 40.0% (Figure 17B). A total of 291
misclassifications were observed in the confusion
matrix, with most misclassifications occurring when
"no relevance" was labeled as "mild depression".

However, this model predicted all three labels (Figure
17C).

Some examples of subject-level misclassifications
when the model predictions were compared with the
actual labels derived from TDI scores (Figure 18A)
and experts' opinions (Figure 18B). Neither of the
original texts contained linguistic cues indicating mental
health issues. Therefore, from a linguistic perspective,
these texts alone were insufficient to indicate
depression. Similar observations can be made in
Figure 18C, which presents examples of text-level
misclassifications when the model predictions are
compared with the expert-assigned labels. Moreover,
the distinction between the "no depression" and "no
relevance" classes was inherently vague, which may
have contributed to these misclassifications.

Due to the severe class imbalance and small
sample size, a "most_frequent" DummyClassifier was
implemented as a baseline comparator. This baseline
was used to determine whether the ML models
performed beyond the majority-class prediction.

Figure 16. Box plot of LR’s (A) training accuracy, (B) overall testing accuracy and classification report, and (C) confusion
matrix against expert-derived labels at the text-level. LR, logistic regression.
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Overall, the TDI labels outperformed the expert
opinions for subject-level classification, with the DT
model achieving the best performance. In fact, it
performed better than the dummy baseline model
across all metrics, which suggests that it learned
meaningful patterns beyond those of the majority-class
prediction. In contrast, when the experts' opinion
labels  were  used, the  best-performing  model  (LR)
produced results identical to those of the dummy baseline
model. This indicates that the model may have primarily
predicted the majority class rather than learning
meaningful patterns.

At the text-level, the dummy baseline achieved
the highest accuracy, reflecting the dataset's severe
class imbalance. Although all the ML models
demonstrated slightly higher macro-precision, recall,
and F1-score than the dummy baseline, the results
suggest limited improvement beyond the majority-class
prediction. The summary of these results is presented
in Table 4.

Discussion

To evaluate the suitability of ML models for the
preliminary classification of Facebook text into
depression-related categories, this study adopted
workflows consistent with previous research, using
self-assessment tools and expert labeling at the
subject (12, 17) and text-levels. (13-15, 20) Following a
workflow comparable to that of other studies enabled
assessment of whether previous findings, primarily
identifying the most accurate models or optimal ML
combinations, truly advance ML as a screening tool.
Furthermore, unlike traditional approaches that rely
solely on public data collection through questionnaires
or keyword searches, this study leveraged data from
individuals who sought psychiatric care, thereby
providing a more clinically grounded dataset.(21)

Figure 17. Box plot of DT’s (A) training accuracy, (B) overall testing accuracy and classification report, and (C) confusion
matrix against expert-derived labels at the text-level. DT, decision tree.
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A  
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Figure 18. Examples of subject-level misclassification of the original text when compared with  (A)  TDI scores, (B)  experts’
opinion, and (C) examples of text-level misclassification when compared with expert’s opinion. 
TDI, Thailand Depression Inventory.
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In terms of POS tagging and emotions, only word
count was significantly correlated with TDI labels at
the subject-level, suggesting that text length may be
associated with self-perceived depressive symptoms,
as depressed individuals may post more.(22) However,
significant differences were not observed when labels
were derived from an expert's opinion, which suggests
that expert-based assessment may not correspond as
strongly with text data alone due to its ambiguity and
need for more contextual information.(23, 24) In addition,
when comparing labels derived from self-assessment
forms and experts' opinions, there was limited
agreement. One possible reason is that individuals tend
to under- or over-rate their symptoms.(25)

Subject-level classification performed better than
text-level classification when compared against the
dummy baseline model. More specifically, the DT
model at the subject-level, using TDI-derived labels,
outperformed expert-opinion-based classification. In
addition, a similar study conducted by Siranuch H, et
al. concluded that per-person experimental data were
superior to text data in terms of precision and recall.(26)

Although the text-level classification performed poorly
against the baseline models, when comparing the three
ML models, SVM performed the best, followed by
LR and DT, which is consistent with current
research.(13, 27)

Several limitations should be acknowledged
for this research. First, there were biases and
time-window mismatches between the two-week TDI
assessment and the 6-9 months of Facebook data
collected. As depressive symptoms may fluctuate over

time, linguistic patterns extracted from older posts may
not accurately reflect the participants' psychological
states at the time of assessment. This inconsistency
may have weakened the associations between
linguistic features and depression labels, contributing
to the limited significance observed in several features
and the moderate ML performance. In addition,
self-selection and negativity bias may have affected
the dataset, as participants willing to share Facebook
data may present themselves more positively online.
In contrast, private self-report forms may capture
more distressing emotions. Second, the Kruskal-Wallis
H test was not performed at the text-level due to
violations of the assumption of independent and
identically distributed observations, arising from
repeated posts by the same participants. This reduced
the amount of data available for statistical testing and
may have limited the detection of finer linguistic
patterns. Furthermore, the substantial improvement
in the inter-rater reliability may have been influenced
by re-labeling the same dataset using revised criteria.
Repeated exposure to the same data could increase
the raters' familiarity and introduce recall bias, thereby
potentially inflating the agreement score. Lastly,
despite Facebook's widespread use in Thailand as a
popular platform,(28, 29) only half of the participants
were active users, and much of the text was
ambiguous, requiring expert labeling as "no relevance".
The small dataset and class imbalance significantly
affected the ML models, as evidenced by relatively
high training and overall accuracy alongside the low
macro-average performance metrics.

F1-score (%)Recall (%)Precision (%)Accuracy (%)ModelLabels
Subject-level classification

5053SVM
3850LR

TDI 6767DT
Dummy baseline

3234SVM
2833LR

Experts’ opinion 3031DT
Dummy baseline

Text-level classification
3133SVM
3435LR

Experts’ opinion 4142DT
Dummy baseline

Table 4. Summary of subject- and text-level model performance based on labels from TDI scores and experts’ opinion.
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Supervised models offer several advantages for
mental health classification. They can enable early
intervention by identifying individuals who may be at
risk of developing depression, and they allow for the
efficient analysis of large and complex datasets in a
shorter amount of time. Some improvements include
using more recent NLP algorithms, such as those
developed for social media purposes, as the meaning
and language patterns differ substantially from those
of formal written language. Using large language
models, such as OpenAI's GPT or Google's Gemini
family, could enhance the model's performance.
In addition, incorporating other forms of  media,
such as images, vocal acoustics, or video data,
could  provide  additional  contextual  and  historical
information. This may improve model performance
and enhance the accuracy and reliability of depression
detection. Furthermore, partnering with hospitals or
clinics to recruit more participants would increase the
sample size while providing more reliable "true" cases.
Incorporating data from private accounts may also
help capture more negative or emotionally expressive
posts. Lastly, an important factor to consider is
understanding participants' Facebook behavior,
whether they use the platform for personal or
promotional activities. This distinction is crucial, as
promotional content may lead to more posts unrelated
to their mental health status.

The proposed system should be interpreted as a
supportive screening framework rather than as a
standalone depression classification tool. Model
predictions based solely on text may help identify
individuals who exhibit distinct language patterns
associated with depressive symptoms; however, these
outputs should not be considered definitive clinical
diagnoses. In practical applications, individuals
identified by the model as potentially at risk of
depression could be referred for further psychological
assessment. Therefore, this system may be beneficial
for preliminary large-scale monitoring, early risk
identification, or decision support in settings where
direct clinical assessment is limited.

Conclusion

This study evaluated three supervised ML models
(SVM, LR, and DT) for classifying Facebook text
into depression-related categories at the subject- and
text-levels. The objective was to examine mismatches
between self-assessment forms and social media
behaviors and to determine whether experts can
differentiate Thai Facebook text into depression-
related categories.

The findings suggested that the subject-level
classification using TDI labels outperformed the
expert-derived labels and text-level classification when
evaluated against the dummy baseline model.
This may indicate a slight correlation between the
self-assessment forms and social media behaviors.
In contrast, text data alone appeared insufficient for
expert-based depression classification. The poor
agreement between the two labeling approaches
further indicates that text alone may not provide a
sufficiently reliable clinical signal. In other words,
when only text data are used, labels derived from
self-assessment forms appear to be more applicable.
In contrast, if expert-derived labels are to be used,
additional contextual information would be required
to maximize the ML model's potential.

In the future, collecting larger datasets for each
participant and incorporating multiple data modalities
may improve the model's performance and
generalizability. In addition, testing larger language
models such as OpenAI GPT and WangchanBERTa
may provide a deeper contextual understanding of
Thai-language texts. Finally, a proactive feature
could be implemented to provide warnings and
recommendations for individuals identified as
potentially experiencing depressive symptoms. With
further development, this approach may serve as a
preliminary screening tool to help psychiatrists gain
additional insight into patients' mental health and extend
outreach to individuals with limited access to healthcare
services.
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