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Abstract: This study investigates sentiment classification in Indonesian social media discussions around mental health,
focusing on three methodological challenges: class imbalance, the limitations of lexicon-based automatic labeling as
a silver-standard proxy, and the need for auditable explanations. The dataset contains 5,184 lexicon-labeled tweets,
preprocessed and represented using TF—IDF. To prevent data leakage, imbalance handling is performed via train-only
resampling (SMOTE applied only to training data) within a leakage-safe pipeline. We evaluate several classical models
using accuracy and macro metrics (macro-F1/macro-recall) to ensure fairer assessment across classes, and we add a
modern Indonesian Twitter transformer baseline (IndoBERTweet) under the same repeated stratified split protocol. To
validate label quality, we construct a Label Audit Subset (LAS) of 600 tweets (200 per lexicon class), annotated by
two annotators and finalized through adjudication to produce gold labels. Although annotation reliability is high
(92.5% agreement; Cohen’s k = 0.874), the audit reveals substantial lexicon-label noise (53.5% mismatch; k = 0.198),
particularly for Positive and Neutral labels, yielding more conservative performance estimates under gold-label
evaluation. To improve auditability, we implement a confidence-aware LIME protocol that separates high-confidence,
borderline, and hard-case predictions using probability, margin, and entropy. Token summaries exhibit drift when case
selection is based on gold labels rather than lexicon labels (Jaccard@20 = 0.176-0.290), indicating that label noise can
shift interpretive conclusions. Finally, token-drift signals are mapped into operational design hypotheses for further
studies, including low-pressure gamification, trusted-ties social support (silaturrahmi parameter, i.e., culturally
grounded social-support ties), and friction mitigation via triage/escalation mechanisms in risk scenarios.

Keywords: Sentiment analysis, Label audit subset (LAS), Leakage-safe pipeline, Explainable artificial intelligence,
Mental health.

1. Introduction

Mental health discourses on social media are
becoming increasingly prominent [1]. Users often
share emotional experiences and coping strategies in
digital spaces, so conversational traces can be read as
population signals to map patterns of anxiety,
depression, and distress with caution regarding
representativity, ethics, and privacy [1, 2]. Sentiment
analysis is relevant for mapping trends in public

International Journal of Intelligent Engineering and Systems, Vol.19, No.5, 2026

opinion and emotions, but requires adjustments to
local language and cultural context to avoid bias in
findings [3]. At the same time, the relationship
between social media usage intensity and mental
health outcomes is complex and not always linear;
therefore, model output should be understood as a
monitoring indicator, not a diagnosis, making model
accountability a prerequisite [4].

The application of sentiment analysis to mental
health issues is still limited by several
methodological issues that can reduce the validity of
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the findings. First, the limited availability of high-
quality labels due to the high cost of manual
annotation encourages the use of weak lexicon-based
labeling (weak supervision), which is susceptible to
noise (e.g., polysemy, irony, and pragmatic context)
[5, 6]. Second, class imbalances are common and can
mask the performance of minority classes, making
accuracy-based aggregate metrics risky and
misleading [6, 7]. Third, because model output can
Influence monitoring and follow-up priorities,
interpretability is necessary for stakeholders to
understand the rationale for predictions, rather than
simply receiving a score [6-8]. Therefore,
experimental designs should emphasize interclass
fairness and replicable processes.

Methodologically, the literature often treats
automatic  labeling, imbalance handling, and
interpretability as separate components. As a result,
performance can appear high but be biased if
resampling is not implemented in a leakage-safe
manner [1], and auditing becomes difficult when
explanations do not consider prediction stability [9].
To date, end-to-end approaches that explicitly
combine  silver-standard  labeling, train-only
resampling within a leakage-safe pipeline, and XAl
that distinguishes between stable and ambiguous
predictions for social media-based mental health
monitoring are limited [10-13]. Furthermore, few
studies have quantified lexicon-label noise using a
subset of gold-label audits to assess its impact on
evaluation and interpretation. Model outputs are
positioned as discourse indicators for monitoring, not
individual diagnoses, so interpretation requires
human oversight.

Addressing this gap, we propose a leakage-safe
pipeline for mental health sentiment analysis on
Indonesian-language ~ Twitter, equipped  with
confidence-guided LIME-based local explanations.
The dataset is labeled with a lexicon (the silver
standard) because most similar studies lack clinical
ground truth [11]. The pipeline includes
preprocessing, TF-IDF as an easily auditable
baseline, and evaluation of several classical models
using macro-F1 and macro-recall to address class
imbalance [14, 15]. We also built a Label Audit
Subset (LAS) to measure lexicon-label noise,
generate constrained gold labels through adjudication,
and test its impact on model evaluation and selection.
In the XAl stage, predictions are mapped to high-
confidence, borderline, and hard cases; token drift
between label references is then derived into
operational design hypotheses (gamification, social
support, friction mitigation) for further study [16].

This paper is structured as follows. Section 2
reviews related Research and positions this study’s
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contribution within the literature on social media-
based mental health sentiment analysis. Section 3
describes the end-to-end methodology used,
including silver-standard labeling, Label Audit
Subset (LAS) generation, a leakage-safe pipeline
with train-only SMOTE, and a confidence-aware
LIME-based XAl protocol. Section 4 presents the
experimental results and analysis, while Section 5
discusses the implications of the findings, limitations,
and future Research directions before concluding in
Section 6.

2. Related works
2.1 Social media-based mental health monitoring

The use of social media data to understand mental
health is gaining recognition, as it captures emotional
expressions and psychological complaints in
everyday situations. Systematic reviews report the
widespread use of text-based approaches for
symptom detection/monitoring, particularly
depression, and mapping population trends. However,
findings are often difficult to generalize due to
heterogeneity in methods and varying label
definitions [5, 11, 17, 18]. In crises such as the
COVID-19 pandemic, social media is also useful for
public health surveillance, although its psychological
signals are sensitive to sampling strategies, label
quality, and user population bias [11, 19]. Several
studies have noted an increase in depression-related
language during the pandemic [19, 20], and meta-
analyses have found associations between intense
social media use and symptoms of anxiety and
depression [21, 22]. Therefore, strengthening
methodologies and ethical guidelines remains
necessary, including the availability of high-quality
ground truth to reliably train advanced models [23-
25]. If this is not done, the model output should be
positioned as a discourse indicator, not a clinical
judgment [18, 26].

2.2 Labeling: from “ground-truth” to silver-
standard labels and weak supervision

Limited access to clinical labels encourages the
use of indirect labels, such as self-disclosure,
community membership, or lexicon [23]. Despite
being effective at scale, these labels are proxy-based
and necessitate validation for dependability. A
rigorous examination of Twitter data revealed that
only 13.4% of datasets provide ground truth, whereas
the majority rely predominantly on keyword searches
that may not accurately reflect mental processes [11].
Lexicon labeling facilitates the construction of
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extensive corpora; nonetheless, it is susceptible to
language ambiguity and community bias [27].
Research forecasting PTSD symptom trajectories
using oral histories underscores the promise of
AI/ML and emphasizes the necessity of clinical
validation ~ [28].  Investigating =~ COVID-19
conversation requires methodological precision to
enhance the credibility of results [19, 20].
Nonetheless, the integration of social media and
clinical data remains problematic for construct
validity and reliability [27]. Research forecasting
PTSD symptom trajectories using oral histories
underscores the promise of AI/ML, while
emphasizing the necessity of clinical validation [28].
Research on COVID-19 discourse necessitates
methodological rigor to bolster the legitimacy of
findings [19, 20], whereas the integration of social
media and clinical data continues to pose challenges
regarding construct validity and reliability [27]. The
implications of this gap for Research are the need for
pipelines that acknowledge the silver-standard nature
of labels from the outset, rigorously evaluate them,
and provide auditable interpretability to mitigate the
risk of bias/uncertainty [11, 19, 27].

2.3 Feature representation and model choice:
classical vs. pre-trained vs. LLM era

The spectrum of mental health modeling methods
ranges from classical baselines (TF-IDF +
SVMI/LR/NB) to transformer models [29]. Classical
baselines are significant because of their high
auditability and stability with small datasets, making
them appropriate for reproducible, interpretable
workflows [29]. Pre-trained and large language
models often enhance performance; however, they
entail computational costs, the potential for domain
shift, and interpretability challenges [30, 31].
Empirical evidence indicates that transfer learning
facilitates psychiatric screening on limited or
imbalanced datasets [32] and that BERT is proficient
for several NLP tasks, including sentiment analysis
[33, 34]. Nonetheless, realistic implementations
frequently require model reduction [31] or
annotation methods such as multi-task active learning
[30]. The identifiable gap is the need for a robust,
auditable baseline with adequate interpretability
before increasing model complexity.

2.4 Class imbalance, resampling practices, and the
risk of leakage in evaluation

Class imbalance in social media-based mental
health data can easily lead to biased performance
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estimates when resampling is applied incorrectly.
Oversampling is commonly used, but it should be
applied after the split and only to the training data to
prevent leakage and macro-F1/macro-recall inflation.
SMOTE and its variants are widely used because they
generate synthetic samples of the minority class [35,
36]. However, this can lead to overgeneralization and
noise, leading to the development of more
distribution-aware  approaches such as SD-
KMSMOTE and SMOTE-LMVDE [36, 37].
Another alternative is to use GANs to enrich the
diversity of synthetic samples while maintaining the
decision boundary [38-40]. Since oversampling does
not always improve AUROC/AUPRC, the choice of
evaluation metrics is also crucial [41]. Some studies
incorporate Bayesian optimization/networks (e.g.,
LSSASMOTE, BOSME) to suppress noise and
improve cost-aware learning [42].

25 XAl for mental health:
explanations” to
aware explanations

from “feature
actionable, confidence-

XAl is important in mental health applications
(e.g., depression detection) because model outputs
can Influence intervention prioritization and case
management. Therefore, the rationale for predictions
needs to be explainable to stakeholders [40, 43].
Feature-based explanations (SHAP/LIME) are
widely used for auditing and communication [40].
However, the literature emphasizes that explanations
must also be sufficiently reliable for decision-making,
making confidence-aware approaches relevant for
distinguishing stable and borderline predictions [40,
44]. The TIFU framework promotes transparency in
the probabilistic and multifactorial context of
psychiatry [43], while the sociotechnical agenda
emphasizes aligning XAl guidelines with practice
needs [45] and evaluating model follow-up in the real
world [44].

2.6 Synthesis of the current research position

The literature generally discusses silver-standard
labeling, imbalance management, and XAl
separately; however, all three must be integrated to
achieve end-to-end system auditability. Silver-
standard labeling helps with scalability while still
incorporating scientific caveats, as demonstrated in
automated labeling of medical images [9]. On the
imbalance side, advanced oversampling such as
LSSASMOTE and SMOTE-LMVDE aims to
improve accuracy while controlling noise [36, 46].
On the interpretation side, XAl that considers
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prediction confidence helps build trustworthiness in
sensitive domains [26, 45, 47]. Therefore, this study
makes contributions to a replicable pipeline that
integrates all three, with a focus on evaluation
validity, transparency, and interpretation prudence [6,
8, 45].

3. Research method

The Research data arises from a corpus of
Indonesian-language text gathered from Twitter
through a keyword-based query focused on mental
health, utilizing the keywords: “#MentalHealth OR
#MentalHealth OR #Anxiety OR #Depression OR
#Stress OR #Burnout OR #Overthinking OR
#AnxietyDisturbance” OR “anxiety” OR “stress” OR
“depresi” OR “burnout” OR “overthinking.” The data
spans November 6, 2025-January 26, 2026 (based on
tweet timestamps, UTC). After retrieval, the data was
filtered for Indonesian (lang=id), retweets were
removed, and duplicates were removed. The raw text
was stored in the text_raw column. From the initial
5,731 tweets, the deduplication and cleaning process
yielded N=5,184 unique tweets for modeling.

3.1 Data and curation procedure

The curation stage included: (i) Indonesian
language filtering using the lang attribute, (ii)
retweet/RT removal, (iii) tweet_id-based
deduplication. (and merging duplicate text when
detected), and (iv) cleaning invalid/empty entries.
For ethical and privacy reasons, the study used only
public tweets, made no re-identification attempts, and
reported results at the aggregate level; example
excerpts were shortened without displaying
usernames or full URLs. The final dataset for
modeling consisted of N=5,184 documents; silver-
standard sentiment labels are available in the
lexicon_label column, while the text preprocessing
results used as model input are available in the
text_preprocessed column.

3.2 Lexicon-based sentiment labeling (silver-
standard)

This study uses lexicon-based automatic labeling
as weak supervision to form three sentiment classes
(Positive, Neutral, Negative), given that large-scale
manual annotation is expensive and time-consuming.
The document sentiment score is calculated as:
score(d) = P(d) — N(d)

where n P(d) = X I(W €Lpes)and N(d) =
2 weq | (W € Lyeg), which is the number of tokens in
the document that match the positive and negative
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lexicons. Labeling rules: score(d)>0—Positive;
score(d)=0—Neutral; score(d)<0—Negative. Since
these labels are derived from a lexicon, they should
be treated as silver-standard proxy labels and may
contain noise (e.g., vocabulary bias, irony/sarcasm,
polysemy, and pragmatic context); therefore,
findings are positioned as model performance against
proxy labels rather than as performance against
adjudicated ground truth. [1, 2].

3.3 Text preprocessing

Preprocessing is performed to suppress noise
typical of social media and standardize text
representation. It includes removing mentions (“@”),
URLs, symbols/emojis, and non-alphanumeric
characters; case folding; non-standard term
normalization; space-based tokenization; Indonesian
stopword removal; and Indonesian stemming. The
preprocessing  output is stored in  the
text_preprocessed column and used as modeling
input.

3.4 TF-IDF feature extraction

Documents are represented using TF—IDF as a
stable and easily auditable baseline. The TF-IDF
weight is defined as TF-IDF(t,d) = tf(t,d) X

N .
log (W) where N is the number of documents

and df(t) is the frequency of documents containing
termt; a constant 1 is added to avoid division by zero.
The TF-IDF configuration uses unigram-bigram
(ngram_range=(1,2)), min_df=2, and
max_features=5918. To prevent leakage, the
vectorizer is fit only to the training data and then
applied (transform-only) to the test data, resulting in
a 5918-dimensional feature space. The details of the
feature extraction configuration are described in
Table 1.

Table 1 is intended to serve as the single protocol
specification for exact replication of the full pipeline.
The subsequent method subsections (Sections 3.5—
3.9) elaborate the rationale for each component, but
all operational settings that affect reproducibility,
splitting, train-only resampling, calibration, bootstrap
reporting, bucket assignment, and LIME sampling
are consolidated in Table 1 to minimize ambiguity.

3.5 Data splitting and leakage-safe pipeline

The evaluation used an 80:20 stratified split with
random_state=42 (D_train=4147; D_test=1037) and
repeated 10 times (repeated stratified split). At each
iteration, TF—IDF was fit to the training data and then
applied to the test data; train-only SMOTE was
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Table 1. Single protocol table for exact replication of preprocessing, splitting, modeling, calibration, and confidence-

aware XAl

Component

Parameter/Artifact

Value/Description

Text
Preprocessing

Main steps

Remove mentions, URLs, emojis, and non-alphanumeric characters; apply
case folding, non-standard term normalization, whitespace tokenization,
Indonesian stopword removal, and Indonesian stemming.

Text . . .
Preprocessing Output column text_preprocessed (final sparse-text input for TF-IDF modeling).
TFE_IDE Vectorizer Tf|deectorlzer(ngram_rar_lgg:(l,2), min_df=2, max_features=5918); all
other parameters follow scikit-learn defaults.
Leakage - The vectorizer is fit only on the training data in each split and is then used to
Fitting .
control transform the corresponding test data.
Stratified 80:20 split repeated 10x (StratifiedShuffleSplit; random_state =
Data Split and 42); metrics: Accuracy, Macro-F1, and Macro-Recall; 95% confidence
a op Split intervals are percentile bootstrap intervals (B = 10,000) computed by
Validation . . :
resampling the 10 run-level scores with replacement and recomputing the
mean.
. - SMOTE(k_neighbors =5, random_state = 42) is applied only to X_train
Resampling SMOTE (train-only) after TF-IDF transformation; X _test is never resampled (leakage-safe).
Logistic Rearession LogisticRegression with scikit-learn defaults; compared under two
Model (LRg) g conditions: train-only SMOTE and a no-SMOTE baseline using
class weight="balanced'.
LinearSVC with scikit-learn defaults. For LAS/XAI analyses that require
probabilities, CalibratedClassifierCV(method="sigmoid’, cv=3) is fit only on
Model SVM (probabilistic | the corresponding training split after feature preparation (and after train-only
output) SMOTE in SMOTE variants), and the fitted calibrator is then applied
unchanged to untouched test/LAS instances. This calibrated variant is
reported as SVC_calibrated.
LimeTextExplainer is used within the text — TF-IDF — model pipeline for
XAl LIME :
local token-level explanation.
scikit-learn 1.6.1; supported libraries include numpy, pandas, imbalanced-
Environment | Software learn, and lime. For exact replication, the full environment should be logged

via pip freeze or requirements.txt.

Model (First
Experiment)

DT/RF/k-NN/NB

All models follow scikit-learn defaults: DecisionTreeClassifier;
RandomForestClassifier(n_estimators = 100);
KNeighborsClassifier(n_neighbors = 5); MultinomialNB(alpha = 1.0).

Stopword list: NLTK Indonesian stopwords; stemming: Sastrawi. If

Resources Stopwords & additional custom normalization or stopword rules are used, they should be
stemmer L -
exported as reproducibility artifacts.
Trans:former Model checkpoint indolem/indobertweet-base-uncased.
baseline
HSSE former Text variant text_transformer (light cleaning only; no stopword removal or stemming).
Transformer . . . max_len = 128; epochs = 3; Ir = 2e-5; batch_size = 8 (effective batch size =
L Fine-tuning config - : CNL . -
training 16 via gradient accumulation); optimizer = AdamW; seed = 42.
Imbalance . . .
handling Loss weighting Class-weighted cross-entropy computed from the training split only (per
run).
(transformer)
Evaluation Split reuse across | Identical 10x repeated stratified 80:20 split indices are reused across TF—
protocol baselines IDF baselines and IndoBERTweet (random_state = 42).
Split — fit TF—IDF on training data — transform train/test — apply
SMOTE only to X_train for SMOTE variants — fit classifier — if
Sparse End-to-end A = ) . . . .
T probabilistic SVM is required, fit the calibrator on the same training split
pipeline order | sequence

only — predict on untouched test/LAS data — compute p_max, margin, and
entropy — assign confidence bucket — run LIME on selected cases.

XAl
reproducibility

Fixed settings

LimeTextExplainer is used in the text — TF—IDF — model pipeline;
summary reporting uses num_features = 20 (top-k = 20); up to 20 instances
per gold class per bucket are sampled; stability analysis uses 5 fixed seeds
{11, 22, 33, 44, 55} and is summarized with Jaccard@20.
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Confidence

buckets Numeric thresholds

Per gold class in LAS. Let qégo = Qo.80(Pmax | Yeola = c)and ty 5, =
Qo.20 (margin | Veold = c).

High-confidence correct = correct & pax = q, g0; Borderline correct =
correct & margin < téfz)o; Hard-case error = incorrect & ppax = qg.50-

Sampling for token summaries: up to n = 20instances per gold class per
bucket (or all if < 20).

(@)

(.
(@)

applied only to the training data. Scores are reported
as means and 95% percentile bootstrap confidence
intervals (B = 10,000), where the bootstrap resamples
the 10 run-level metric values with replacement and
recomputes the mean at each replicate for Accuracy,
Macro-F1, and Macro-Recall. This design makes the
reported estimates more robust to split variability
while keeping the uncertainty calculation aligned
across all baselines.[4].

3.6 Handling class imbalance: train-only SMOTE

The class distribution in the training data is
imbalanced, so SMOTE was used to increase
sensitivity to minority classes by generating synthetic
samples. The implementation was rigorous: SMOTE
was applied after the split and only to the TF—IDF
features of the training data (train-only SMOTE). The
training TF—IDF matrix was converted to a dense
representation before resampling, as SMOTE
operates on dense numeric data. After resampling, the
training matrix size changes from (4,147, 5,918) to
(10,533, 5,918), with a balanced class distribution
(3,511 per class), while D_test retains its original
distribution, ensuring the evaluation remains realistic
and leak-free.

SMOTE generates minority samples by
interpolating the feature space between near-
neighbors, so the model’s decision boundary is less
“pulled” toward the majority class, and minority
recall tends to increase. However, because synthetic
samples can increase overlap among classes in bag-
of-words-based features, the evaluation is still
performed on the original test data (without
resampling) to assess the trade-off between false
alarms and missed detections realistically.

3.7 Candidate models and evaluation metrics

For a fair and reproducible comparison, six
common classical models for TF-IDF text
classification were evaluated during the screening
stage: Logistic Regression (LR), Decision Tree (DT),
Random Forest (RF), Support Vector Machine
(SVM),  Kk-Nearest Neighbors (kNN), and
Multinomial Naive Bayes (MNB). The main report
then focused on the most competitive candidates (LR
and LinearSVC) in a leakage-safe pipeline with train-
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only SMOTE. The evaluation used Accuracy, macro
metrics (Macro-F1 and Macro-Recall), and a
confusion matrix to assess interclass error patterns.

Because the confidence-aware protocols
(p_max/margin/entropy) and LIME require a
probability output (predict_proba), the SVM model
was operationalized as LinearSVC, calibrated using
CalibratedClassifierCV (method="sigmoid”, cv=3)
on the training data. This variant is marked as
SVC _calibrated in the LAS results and XAl analysis.
In addition to the classical linear models, we also
included a transformer-based baseline to assess
whether a contextual pretrained model yields better
class-balanced performance wunder the same
evaluation protocol.

3.7.1. Transformer baseline (IndoBERTweet)

To complement the classical baselines with a
stronger contextual model for Indonesian Twitter text,
we included a modern transformer baseline by fine-
tuning IndoBERTweet (indolem/indobertweet-base-
uncased), a pretrained Indonesian language model
specialized for Twitter data. Unlike the TF-IDF
pipeline, the transformer input used lightly cleaned
tweets with URL and user placeholders and
whitespace normalization, but without stopword
removal or stemming, in order to preserve contextual
and sequential cues. For fair comparison,
IndoBERTweet was evaluated under the same
leakage-safe protocol as the classical baselines,
namely a stratified 80:20 train—test split repeated 10
times with identical split indices across models
(random_state = 42).

To address class imbalance without applying
text-space oversampling, we used class-weighted
cross-entropy, where class weights were computed
exclusively from the training split in each run. Fine-
tuning was performed using AdamW with a learning
rate of 2e-5, a maximum sequence length of 128, a
fixed random seed of 42, and 3 epochs. This setup
was selected to provide a strong yet practical
transformer baseline while maintaining a comparable
evaluation framework across model families. By
keeping the split protocol identical and restricting
imbalance handling to the training data only, the
comparison between classical models and the
transformer baseline remains methodologically
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consistent and leakage-safe. In this study, the
transformer baseline was used for comparative
performance evaluation in Section 4.2, whereas the
downstream LAS and LIME-based audit analyses
remained anchored to the calibrated sparse linear
pipeline to preserve auditability and methodological
consistency. For exact replication, all probability-
dependent analyses in LAS/XAI use the train-only
calibrated SVC _calibrated variant defined in Table 1,
rather than the raw margin outputs of uncalibrated
LinearSVC.

3.8 Label audit and confidence-aware XAl
protocol based on LIME

To test the reliability of silver-standard labels and
their impact on evaluation and interpretation, this
study constructed a Label Audit Subset (LAS) (600
tweets; 200 per lexicon class) annotated by two
annotators and finalized through adjudication to a
gold label. LAS was used to (i) estimate lexicon label
noise and (ii) evaluate changes in model
metrics/rankings when the evaluation reference
shifted from the lexicon to the gold label.

From a measurement perspective, silver-standard
labels can be viewed as noise-contaminated targets;
this noise lowers the upper bound on observed
performance and can shift token interpretations
because the model is trained/tested against proxy
labels. Therefore, k and the noise rate per class in
LAS were used to quantify the reliability of lexicon
labels and to examine whether model rankings and
LIME token summaries remained consistent when
the evaluation reference shifted to the gold label.

In the interpretability phase, LIME was used to
generate local explanations for instance-level
predictions. To mitigate the risk of overconfidence, a
confidence-aware protocol is implemented with three
indicators: max_prob =max,p(y=klx) ,
margin = Ptop1 — Ptop2 and entropy H(p) =
— Yk Px log py as an ambiguity indicator. Instances
are grouped into: high-confidence correct (correct
with the highest max_prob), borderline correct
(correct but with a small/ambiguous margin), and
hard-case error (incorrect with a high max_prob).
LIME explanations then prioritize stable predictions
and audit borderline/hard-case cases for safer
monitoring,  escalation, and label quality
improvement in subsequent iterations.

3.8.1. LAS-informed noise-robust learning

To test whether LAS can be used not only for
diagnosis but also to inform noise-aware learning, we
implemented a simple LAS-informed baseline based
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on class-reliability weighting. Let . = Pr (yg4 #
Viex | Viex = €)be the empirical noise rate for lexicon
class ¢ estimated from LAS, and define class
reliability asr, = 1 — .. Using the LAS estimates
(Table 4), the resulting reliability weights are
TNegative = 0.815, Neutral = 0.305, and Tpositive =
0.275. During training, each instance iis assigned a
sample weight w; =1, ., so that examples from

noisier lexicon classes contribute less to the loss
while preserving the full corpus (no relabeling). For
leakage control, LAS items were excluded from the
training pool, and evaluation was performed on LAS
only (training pool n =4582; LAS n =600 ;
overlap = 0). This strategy downweights training
examples from classes with higher observed label
noise, while retaining the full corpus and avoiding
direct relabeling of the silver-standard dataset.

3.9 Bucket selection rules and confidence

calibration check

For each tweet iin LAS, we compute three
indicators from the calibrated probabilistic model:
Pmax({) = max , pe (i) , margin(i) = p(q)(i) -
p(2) (1) (difference between the largest and second-
largest class probabilities), and
entropy (i) = — Xk Pk (1)log pr (1), where p(q (i) =
P)(@) =+ . Bucket thresholds are defined
numerically and computed per gold class within LAS.
Specifically, for each gold class c, let q((fgo be the
80th percentile of p,.xamong instances with gold

label ¢, and let t{),be the 20th percentile of margin
within the same subset. We then define: (1) High-
confidence correct as correctly predicted instances

With prax (i) Zq((fgo; (2) Borderline correct as
(o) .

correctly predicted instances with margin(i) < t;5,;

and (3) Hard-case error as incorrectly predicted

instances wWith ppax (1) = qgfgo(confident but wrong).

These thresholds are computed separately for each
gold class, rather than globally, to prevent the
dominant Negative class from disproportionately
determining the confidence cutoffs for the minority
classes.

For token-drift summaries, we sample up ton =
20instances per gold class per bucket (or all available
instances if fewer than 20). Table 9 reports one
representative instance per bucket (highest py,.xfor
high-confidence/hard-case; smallest margin for
borderline). As a calibration sanity check, we report
Expected Calibration Error (ECE, 10 bins) and Brier
score on LAS: ECE10 = 0.45-0.62 and Brier = 0.97—
1.25 against lexicon labels, and ECE10 = 0.50-0.66
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and Brier = 1.05-1.33 against gold labels.
Accordingly, confidence in this study is used as an
audit heuristic to prioritize review, rather than as a
calibrated probability for high-risk decision-making.

4. Result

4.1 Data distribution, feature representation, and
data splitting

The dataset was collected from Twitter
(collection period: late 2025) using a mental health-
themed query. From 5,731 tweets, deduplication
yielded N=5,184 unique tweets (with no post-
cleaning empty entries). Sentiment labeling was
automated using a lexicon, so labels are silver-
standard and potentially noisy
(vocabulary/irony/context  bias); results should
therefore be interpreted as discourse indicators rather
than clinical diagnoses. The label distribution was
Negative=4,389, Neutral=462, and Positive=333,
indicating substantial class imbalance with Negative
predominating. Evaluation used a stratified 80:20
split (train=4,147; test=1,037) repeated 10 times. TF—
IDF produced a 5,918-dimensional feature space
(Table 1); the vectorizer was fit on training data and
applied to test data (transform-only) to prevent
leakage. A summary of splits and dimensions is
provided in Table 2.

4.2 Model evaluation on a leakage-safe pipeline
(repeated stratified split + 95% CI)

All results in this subsection should be interpreted
as lexicon-referenced performance estimates,
because the full dataset labels are treated as silver-
standard proxy labels rather than adjudicated ground
truth. Under the same leakage-safe evaluation
protocol—namely a 10x repeated stratified 80:20
split with performance summarized as means and
95% confidence intervals, we compared the strongest
classical baselines (Logistic Regression and
LinearSVC) with a modern transformer baseline,
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Table 2. Summary of TF-IDF Splits and Dimensions

Component Value

Ratio (train:test) 80:20
Data-train Number 4147
Data-test Number 1037
Document Total (N) 5184
TF-IDF Feature Number 5918
TF-IDF (train) Dimension (4147, 5918)
TF-IDF (test) Dimension (1037, 5918)

we evaluated train-only SMOTE against a no-
SMOTE baseline using class weighting, whereas
IndoBERTweet used class-weighted loss computed
from the training split only. As shown in Table 3, the
highest Mean Accuracy was achieved by LinearSVC
(class-weighted) at 0.912 [0.909, 0.914], while the
strongest class-balanced performance was obtained
by IndoBERTweet, which yielded the highest Mean
Macro-F1 (0.750 [0.739, 0.761]) and Mean Macro-
Recall (0.763 [0.749, 0.778]). Among the classical
baselines, LR (train-only SMOTE) remained the
strongest on the macro-level metrics (Mean Macro-
F1 = 0.727 [0.714, 0.740]; Mean Macro-Recall =
0.719 [0.703, 0.734]), indicating that train-only
resampling improves minority-class sensitivity
relative to class weighting alone in the sparse TF-IDF
setting. Overall, these results suggest a clear trade-
off: the best sparse linear baseline still provides the
strongest overall accuracy, whereas the transformer
baseline offers the most favorable balance across
classes under the same repeated, leakage-safe
protocol.

4.3 Error analysis using a confusion matrix

To examine the remaining error structure in a
directly interpretable sparse-feature setting, Figure 1
presents the confusion matrix from a representative
LinearSVC + train-only SMOTE split (random_state
=42). Although IndoBERTweet achieved the highest
Mean Macro-F1 and Mean Macro-Recall in the
repeated-split comparison, and LinearSVC (class-

IndoBERTweet. For

the

classical models,

Table 3. Comparison of classical and transformer baselines under the same leakage-safe protocol

weighted) achieved the highest Mean Accuracy,

Model

Mean Macro-F1
[95% CI]

Mean Accuracy
[95% CI]

Mean Macro-Recall
[95% CI]

LR (train-only SMOTE)

0.905 [0.901, 0.909] | 0.727 [0.714, 0.740]

0.719 [0.703, 0.734]

LR (class-weighted)

0.906 [0.903,0.909] | 0.706 [0.695, 0.717]

0.646 [0.632, 0.659]

LinearSVC (train-only SMOTE)

0.906 [0.903,0.910] | 0.722[0.712, 0.732]

0.695 [0.684, 0.708]

LinearSVC (class-weighted)

0.912 [0.909, 0.914] | 0.726 [0.715, 0.737]

0.686 [0.673, 0.698]

IndoBERTweet (class-weighted loss)

0.908 [0.905, 0.912] | 0.750[0.739, 0.761]

0.763 [0.749, 0.778]

Note: All confidence intervals are 95% percentile bootstrap intervals (B = 10,000) computed by resampling the 10 run-
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level scores with replacement and recomputing the mean
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Confusion Matrix - LinearSVC (Train-only SMOTE)
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Negatif 15 6 700
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@
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- 100
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Figure. 1 Confusion matrix of LinearSVC after train-only SMOTE (representative split; test set n=1037)

Table 4. Results of the Label Audit and Noise Label Lexicon

Agreement and Cohen’s k (LAS)

Subset n % Agreement Cohen’s Notes

LAS (2 annotators) | 600 92.5% 0.874 Very Strong
Borderline 184 96.7% 0.938 Very Strong
High-confidence 216 96.8% 0.938 Very Strong
Hard-case 200 84.0% 0.762 Strong
Confusion Lexicon vs Gold

Lexicon \ Gold Positive Neutral Negative
Positive 55 98 47

Neutral 22 61 117
Negative 7 30 163

Noise rate per class (based on LAS)

Class (Lexicon) n Mismatch (n) Noise rate
Positive 200 145 72.5%
Neutral 200 139 69.5%
Negative 200 37 18.5%
Overall 600 321 53.5%

the confusion matrix of the sparse linear baseline
remains useful for diagnosing class-level
misclassification patterns in the same TF—IDF space
used for the subsequent audit and explanation
analyses. The dominant error pattern remains Neutral
— Negative,

indicating that the Neutral class is the most
difficult to separate when mental-health-related terms
appear in informative, joking, quoted, or link-sharing
contexts rather than in clearly affective statements.
This pattern is consistent with the strong class
imbalance in the full dataset and helps explain why
improvements in macro-level performance are harder

International Journal of Intelligent Engineering and Systems, Vol.19, No.5, 2026

to achieve than improvements in overall accuracy.
Accordingly, Figure 1 should be read as a
representative diagnostic view of residual error
structure, rather than as evidence that this specific
split or model variant is the best-performing model
on every aggregate metric

4.4 Results of the label audit subset (LAS) and
noise label lexicon

To test the reliability of silver-standard labels, a
Label Audit Subset (LAS) was created containing
600 tweets (200 per lexicon class) annotated by two
annotators and finalized through adjudication to

DOI: 10.22266/ijies2026.0531.26

This article is licensed under a Creative Commons Attribution-ShareAlike 4.0 International License.

License details: https://creativecommons.org/licenses/by-sa/4.0/



Received: February 23,2026. Revised: March 12, 2026. 447
Table 5. Error Typology of LAS lexicon—gold mismatches (n = 321)
. —_— % of

Error type Operational definition n mismatches

. . Distress-related keywords appear in informational,
Info_rmatlve / quoted / link quoted, or link-sharing content rather than direct 26 | 8.1%
sharing context : .

affective expression.
Mixed-valence coping / Distress tokens co-occur with coping, reassurance,
. . . 38 | 11.8%

recovery narrative gratitude, or recovery framing.

. - Mental-health-related keywords are used ambiguously, 0
Lexical ambiguity / polysemy figuratively, or with shifted meaning. 23 | 7.2%
Humor / irony / sarcasm Surface !exmal polarlty conflicts with intended 38 | 11.8%

pragmatic meaning.
Code-switching / non-standard / | Mixed language, slang, non-standard spelling, or OOV
. . A . 90 | 28.0%

OQV wording forms distort lexicon matching.
Negation / scope / Negation or compositional context reverses or alters

L . . 102 | 31.8%
compositional polarity apparent polarity.
Other / unclear St?c?\l/%ual cases not adequately captured by the categories 4 1.20
Total 321 | 100.0%

Table 6. LAS-informed noisy-label handling (class-reliability weighting) and its impact in LAS

- LAS-lexicon | LAS-gold | LAS-lexicon | LAS-gold LAS-gold
Training strategy Macro-F1 Macro-F1 | Accuracy Accuracy Macro-Recall
Baseline LR . 0.670 0.363 0.678 0.407 0.374
(class_weight="balanced")

LAS-informed LR (balanced + | , ¢4 0.352 0.625 0.430 0.357
reliability weight)

obtain a gold label. Annotation reliability was high
(92.5% agreement; Cohen’s k=0.874). However, the
lexicon vs. gold-label comparison revealed a 53.5%
mismatch (k=0.198), with noise levels varying across
classes, most pronounced for Positive and Neutral
(Table 4). These findings confirm that lexicon-based
evaluations can inflate performance and distort
interpretation.

4.4.1. Error typology of lexicon—gold mismatches

To move beyond aggregate mismatch rates, we
manually coded the 321 LAS cases in which the
lexicon label and the adjudicated gold label disagreed
into a single dominant error type. Table 5 summarizes
the resulting mismatch typology and its frequency
distribution. The results show that lexicon-label noise
is not random, but instead concentrates in recurrent
linguistic and pragmatic patterns. The largest
mismatch source was Negation / scope [/
compositional polarity (102 cases; 31.8%), followed
by Code-switching / non-standard / OOV wording
(90 cases; 28.0%). Together, these two categories
account for 59.8% of all mismatches, indicating that
surface-level lexicon rules are particularly vulnerable
to polarity reversals and non-standard Twitter
language. Additional mismatches arose from mixed-
valence coping narratives, humor or sarcasm,
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informative or quoted/link-sharing contexts, and
lexical ambiguity. These findings help explain why
Positive and Neutral lexicon labels exhibit
substantially higher noise than Negative labels, and
they further support interpreting lexicon-based
results as proxy-label estimates rather than ground-
truth performance.

To test whether LAS-derived noise information
can be operationalized for noise-aware learning, we
implemented a simple LAS-informed baseline based
on class-reliability weighting, where training
instances are weighted by class reliability estimated
from LAS (Table 4). To keep the LAS evaluation
leakage-free, LAS instances were excluded from the
training pool (training pool n =4582; LAS n =
600; overlap = 0). Table 6 reports the resulting LAS
performance relative to the baseline LR
(class_weight="balanced’). = The  LAS-informed
weighting did not improve LAS-gold Macro-F1
(0.363 — 0.352) nor LAS-gold Macro-Recall (0.374
— 0.357), although LAS-gold Accuracy increased
slightly (0.407 — 0.430). This outcome suggests that
coarse class-level reliability weighting may trade
minority-class sensitivity for overall accuracy,
motivating future work on more fine-grained
instance-level noise handling (e.g., mismatch-type-
aware filtering or disagreement-driven reweighting)
rather than uniform downweighting at the class level.
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Table 7. LAS-only performance comparison under two evaluation references (LAS-lexicon vs LAS-gold) and aggregate

ranking
Model Macro-F1 (LAS-lex/ | Accuracy (LAS-lex/ Macro-Recall (LAS- | AvgRank
LAS-gold) (A) LAS-gold) (A) lex / LAS-gold) (A) | (MF1+Acc)
LR_balanced 0.260/0.265 (+0.005) 0.357/0.315 (-0.042) 0.357/0.387 (+0.030) | 1.25
SVC_calibrated 0.258/0.263 (+0.005) 0.355/0.315 (-0.040) 0.355/0.385 (+0.030) | 2.00
KNN 0.177/0.185 (+0.008) 0.337/0.320 (-0.017) 0.337/0.344 (+0.008) | 2.50

Note: LAS-lexicon = evaluation against lexicon-derived proxy labels within LAS; LAS-gold = evaluation against
adjudicated gold labels within LAS; 4 =LAS-gold —LAS-lexicon. Aggregate rank summarizes the relative ordering
across Macro-F1, Macro-Recall, and Accuracy

Table 8. LAS-only ranking by confidence bucket under LAS-lex vs LAS-gold evaluation references

Bucket (n) Model Macro-F1 (LAS-lex / Macro-Recall / Rank (LAS-lex
LAS-gold) (A) Accuracy (LAS-gold) | — LAS-gold) (A)
Borderline (184) LR_balanced 0.242/0.235 (-0.007) 0.369/0.304 1—1 (+0)
Borderline (184) SVC_calibrated | 0.242/0.235 (-0.007) 0.369/0.304 1—1 (+0)
Borderline (184) KNN 0.178/0.153 (-0.025) 0.333/0.299 3—-3 (+0)
Hard-case (200) SVC _calibrated | 0.282/0.272 (-0.010) 0.347/0.320 1—1 (+0)
Hard-case (200) LR_balanced 0.282/0.269 (-0.013) 0.342/0.315 2—2 (+0)
Hard-case (200) KNN 0.196/0.206 (+0.010) 0.351/0.340 3—-3 (+0)
High-confidence (216) | LR_balanced 0.215/0.229 (+0.014) 0.371/0.324 1—1 (+0)
High-confidence (216) | SVC_calibrated | 0.207/0.198 (-0.009) 0.348/0.319 2—2 (+0)
High-confidence (216) | KNN 0.156/0.161 (+0.005) 0.333/0.319 3—3 (+0)

Note: Macro-FL1 is reported as LAS-lexicon / LAS-gold, with 4 =LAS-gold —LAS-lexicon. Rank changes are shown as
LAS-lexicon —»LAS-gold, where Arank = Oindicates unchanged model ordering within the bucket

4.5 Impact of label audit on model ranking in LAS

In the LAS-only audit evaluation (n = 600),
comparing lexicon-referenced labels  with
adjudicated gold labels showed that performance
estimates based on lexicon labels do not always
reflect performance under audited labels. Table 7
summarizes the shifts in Macro-F1, Macro-Recall,
and Accuracy for each model when the evaluation
reference is changed from LAS-lexicon labels to
LAS-gold labels. Model ranking based on Macro-F1
remained unchanged across the tested models
(Spearman’s p = 1.000), whereas Accuracy tended to
decrease under gold-label evaluation, consistent with
the substantial lexicon-label noise reported in Table
4. This result reinforces the need to report macro
metrics and to distinguish clearly between lexicon-
referenced full-dataset results and LAS-based gold-
audit results, because the two evaluation references
serve different inferential purposes. Furthermore,
Table 8 shows that label-reference shifts primarily
changed the magnitudes of the metrics rather than the
relative ranking across models within the high-
confidence, borderline, and hard-case buckets (Arank
=0).
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4.6 XAl summary: confidence-aware LIME and
token Drift

For instance-level auditing, LIME was used with
a confidence-aware protocol that distinguishes
between high-confidence correct, borderline correct,
and hard-case errors based on maximum probability,
margin, and entropy. A visual example of LIME
explanations is shown in Figure 2, while
representative examples per bucket and token
summaries are presented in Table 9. Because the
initial labels are silver-standard, tokens are treated as
discourse patterns learned by the model rather than as
clinical indicators. When case selection was based on
gold labels rather than lexicons, the top-k token
summaries changed significantly
(Jaccard@20=0.176-0.290; Table 10). Table 10
reports point estimates from a fixed top-k summary,
whereas Table 11 provides the large-sample
controlled drift distribution requested by the
reviewers (matched by predicted class and
confidence bucket). The stability of LIME
explanations across runs was also high (mean Jaccard
> 0.964; Table 12), making the reporting of top-k
tokens reliable.

DOI: 10.22266/ijies2026.0531.26

This article is licensed under a Creative Commons Attribution-ShareAlike 4.0 International License.

License details: https://creativecommons.org/licenses/by-sa/4.0/



Received: February 23,2026. Revised: March 12, 2026.

449
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kasih tuhan tuntun langkah arah

httpstcoykqgvkrotj
Figure. 2 Example LIME explanation per bucket (Original Indonesian tweet-translated for illustration): (A) high-
confidence correct, (B) borderline correct, and (C) hard-case error

Calibration checks on the LAS showed that
confidence tended to be overconfident (ECE10 0.50—
0.66 against the gold label), so the p_max/margin
indicator was used for audit priorities rather than as a
calibrated probability for clinical decisions.

4.6.1. Robustness check: large-sample controlled token
drift

To address potential confounds from bucket
composition and class imbalance, we extended the
token-drift analysis beyond point estimates by
estimating the distribution of Jaccard@20 overlap
between gold-referenced and lexicon-referenced
token summaries under matched controls.
Specifically, for each confidence bucket and
predicted class, we drew matched-size bootstrap
samples from the gold-referenced and lexicon-
referenced pools, aggregated token importance
across instances, and computed Jaccard@20 per

International Journal of Intelligent Engineering and Systems, Vol.19, No.5, 2026

replicate. Table 11 shows that token drift persists
under these controls for the dominant predicted class
(Negative). In the high-confidence bucket, the
controlled drift overlap is moderate (median
Jaccard@20 = 0.333, IQR [0.290, 0.429], 5-95%
0.212-0.538), while drift becomes substantially
stronger for borderline cases (median 0.143, IQR
[0.143, 0.176]) and is strongest for hard-case errors
(median 0.111, IQR [0.081, 0.111], 5-95% 0.053—
0.176). These findings indicate that the token-level
explanation summary can change materially when
the evaluation reference shifts from lexicon proxy
labels to audited gold labels, especially near the
decision boundary and in confident-but-wrong cases.
For the minority predicted classes (Neutral/Positive),
controlled drift estimates were not computed when
pool sizes were insufficient under the same matching
constraints (Table 11, NA), which is consistent with
the severe class imbalance and the bucket filtering
process. While the present robustness check controls
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Table 9. XAl examples (LIME) on the LAS (gold label): one representative instance per bucket
Bucket Tweet snippet Gold—Pred Uncertainty | + Tokens (top-2) — Tokens
(abridged) (p_max) (1-p_max) (top-2)
High-conf | But honestly, crying like | Negative—Negative | 0.000 depresi / jujur/honest
(correct) this is really annoying. (1.000) depression(+0.018); | (-0.009);
I've tried everything but | nangis / dicoba/tried
still cry, it's normal if I'm cry(+0.016) (-0.008)
depressed.
Borderline | What's wrong, Jul? It's Negative—Negative | 0.498 Parah/Serious jangan /
(correct) really bad. Don't worry, (0.502) (+0.211); cemas don ’1(-0.243);
don't worry.” / What's (+0.188) jangan /
wrong, Jul? It's really don’t (-0.219)
bad. Don't worry, don't
worry.
Hard-case | Mom, Dads Can Neutral»Negative | 0.001 Depresi/depression | https (-
(error) Experience Postpartum (0.999) (+0.016); Alami / 0.001); bun /
Depression Too! http... Natural(+0.004) mom(-0.001)

Note: Gold— Pred contains the gold label, prediction, and ppqy;; Uncertainty = 1 — p,,... LIME tokens denote the
words driving (+) and restraining (—). Text is shortened.

Table 10. Token drift Between Lexicon vs Gold

(Jaccard@20

Bucket Jaccard@ | n_toke | n_token
20 (gold vs | n_gold | _lex
lex)

High-confidence | 0.250 20 20

(correct)

Borderline 0.290 20 20

(correct)

Hard-case (error) | 0.176 20 20

for predicted class and confidence bucket through
matched bootstrap resampling, additional sensitivity
analysis across alternative LIME random seeds and
different num_features settings remains a useful
direction for future work.

5. Discussion
5.1 Leakage-safe pipeline (train-only SMOTE)

A key methodological contribution of this study
is the train-only SMOTE strategy within a leakage-
safe pipeline, which prevents resampling from
contaminating the test data and yields more
conservative performance reporting [48]. Under the
lexicon-referenced full-dataset evaluation in Section
4.2, LinearSVC (class_weight="balanced") achieved
the  highest overall  Accuracy, whereas
IndoBERTweet produced the strongest Macro-F1
and Macro-Recall.

Table 11. Controlled token-drift distribution (Jaccard@?20) between gold-referenced vs lexicon-referenced summaries
(bootstrap; matched by predicted class and confidence bucket)

Bucket Predicted | noold | n_tex | m | Jaccard@20median | Jaccard@20 (5-
High-confidence (correct) | Negative 46 40 40 | 0.333[0.290, 0.429] 0.212-0.538
High-confidence (correct) | Neutral 30 — | NA NA
High-confidence (correct) | Positive 3 15 — | NA NA

Borderline (correct) Negative 34 34 34| 0.14310.143, 0.176] 0.081-0.250
Borderline (correct) Neutral 18 — | NA NA

Borderline (correct) Positive 9 — | NA NA

Hard-case (error) Negative 45 32 32| 0.11110.081, 0.111] 0.053-0.176
Hard-case (error) Neutral 20 3 — | NA NA

Hard-case (error) Positive 5 0 — | NA NA

Note: NA indicates insufficient pool size for controlled resampling (one side < 10 instances). mdenotes the matched
bootstrap sample size per side and is set to m = min (ng,y, Nyey)
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Table 12. LIME explanation stability (inter-run Jaccard

mean)
Bucket Mean Std. n
Jaccard Jaccard

Borderline 0.964 0.081 5
(correct)

Hard-case (error) | 1.000 0.000 5
High-confidence | 1.000 0.000 5
(correct)

Within the classical sparse baselines, LR with train-
only SMOTE remained competitive on macro-level
metrics, indicating that train-only resampling can
improve minority-class sensitivity relative to class
weighting alone. Thus, the contribution of the
leakage-safe design is not that one single balancing
strategy universally dominates, but that model
comparisons remain methodologically valid and
interpretable under clearly stated label references.

5.2 Error pattern: neutral difficult to distinguish

The LinearSVC confusion matrix (Figure 1)
shows a dominant Neutral—>Negative classification
trend. In social media text, Neutral often includes
mental health terms in informative, humorous, or
quote/link contexts (e.g., “playlist depresi...”), so
strong tokens like “‘depresi,”  “stres,” or
“overthinking” push predictions toward Negative.
This pattern aligns with mental health mining
findings that content is heterogeneous and exhibits
high pragmatic ambiguity in the absence of a richer
context. In contrast, TF—IDF tends to capture lexical
associations rather than authorial intent [48, 49].
Positive—Negative errors highlight challenges in
coping narratives: words connoting distress (“stress,”
“cemas”) persist but are followed by
resolution/support  (“Alhamdulillah,”  “tahan,”
“terimakasih”). Here, local explanation (LIME)
serves as an audit tool to assess whether the model
captures coping patterns or is simply biased toward
distress tokens, which is relevant to the false alarm vs.
missed detection trade-off in mental health
monitoring[49, 50].

5.3 Silver-standard labeling caveats and their
impact on model interpretation

Lexicon labeling is scalable, but it remains a
silver standard and is therefore wvulnerable to
systematic noise [51, 52]. In the LAS audit, 321 of
600 cases (53.5%) differed between lexicon-derived
proxy labels and adjudicated gold labels, confirming
that lexicon-based results should be read as proxy-
label estimates rather than as ground-truth
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performance. The mismatch typology in Table 5
further shows that this noise is concentrated in
specific discourse phenomena, especially Negation /
scope / compositional polarity (31.8%) and Code-
switching / non-standard / OOV wording (28.0%),
which together account for 59.8% of all mismatches.
Additional contributions come from mixed-valence
coping narratives, humor or sarcasm, informative or
quoted/link-sharing contexts, and lexical ambiguity.
These findings indicate that lexicon-based evaluation
can misstate both absolute performance and the token
patterns later surfaced by LIME, particularly when
polarity is altered by context or when Twitter
language departs from standard lexical forms[49].
Accordingly, model outputs and local explanations
should be interpreted as discourse-level indicators
rather than as clinical claims. Although absolute
metrics changed under LAS-gold evaluation, the
Macro-F1-based model ranking remained stable,
supporting the use of macro metrics plus label audits
when making comparative model claims. This
typology-based audit makes the label-noise argument
more concrete by showing not only how much
mismatch exists, but also which discourse patterns
most often generate it.

5.4 Practical implications of a confidence-aware
XA protocol for intervention/monitoring

The main contribution of this study is the
confidence-aware XAl protocol: explanations are not
randomly selected but are arranged by predictive
stability, for a more secure and targeted audit. The

XAl analysis is divided into high-confidence,
borderline, and hard-case categories, thereby
separating safe cases for trend aggregation,

ambiguous cases for human review/label audit, and
the most informative “confident but wrong” cases for
improving lexicon/weak supervision [54-56]. The
LIME token also exhibits drift when selecting gold
LAS-based examples over lexicon-based examples,
so that interpretations are not locked into label noise.
At the same time, the stability of explanations
between runs remains high, supporting the
auditability of the token summaries. The following
section boils down the borderline/hard-case findings
into operational design implications.

5.5 Connecting token drift to audit-informed
design hypotheses

To avoid overstating the downstream
implications of token drift, this study treats drift-to-
design mapping as a hypothesis-generation step
rather than as validated product guidance.
Explanatory tokens from the confidence-aware LIME
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audit were mapped to user-need signals (distress,
coping/recovery, social support, and friction), then
translated into design hypotheses across three
dimensions: gamification, social support, and friction
mitigation. For gamification, the patterns in
borderline and hard-case cases suggest that low-
pressure mechanics, such as micro-goals, non-
punitive streaks, and reflective rewards, may be safer
to test than competitive elements such as
leaderboards or loss-based streaks. For social support,
the observed patterns suggest that gradual prompts
and trusted-ties-based support may be more
appropriate for borderline cases than broader or more
immediate social exposure. For friction mitigation,
the drift patterns indicate that hard-case scenarios
may  benefit from testing crisis-oriented
simplification, while borderline scenarios may
benefit from reduced cognitive load through
empathetic wording and fewer interface interruptions.

Thus, separating confidence strata allows XAl to
function as an audit-informed mechanism for
prioritizing which design hypotheses should be tested
first. Measures such as micro-task completion,
onboarding drop-off, time-to-help, and self-reported
helpfulness are therefore proposed as future
evaluation targets rather than validated effects of the
present study.

5.6 Limitations

This work has several limitations. First, the initial
sentiment labels are lexicon-based silver-standard
proxies; although LAS helps quantify noise and guide
audits, the generalizability of findings is still affected
by vocabulary bias, irony, and pragmatic context.
Second, confidence (p_max/margin) is used as an
audit prioritization heuristic, not a calibrated
probability estimate; therefore, confidence scores
should not be directly interpreted as precise risk
assessments for high-risk scenarios. Third, the
determination of high-confidence/borderline/hard-
case buckets is operational for audit purposes; the
threshold used has not been validated against external
outcomes. Fourth, TF-IDF was chosen as an easily
auditable baseline, but it has limitations in capturing
richer intent and context in social media text. Fifth,
although we added a modern transformer baseline
(IndoBERTweet) for a fair comparison, further work
is needed to evaluate additional Indonesian
transformers and context-aware explanation methods
tailored to these models.

In addition, although Table 11 strengthens the
robustness of the token-drift analysis under matched
controls, the sensitivity of drift estimates to
alternative LIME seeds and explanation lengths
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(num_features) was not exhaustively examined in the
present study and should be addressed in future work.

Conclusion and Future Work

This study shows that social media text-based
mental health discourse monitoring can be made
more replicable and auditable by using a TF-IDF
baseline, multi-model evaluation, and train-only
SMOTE within a leakage-safe pipeline. The LAS
audit (n=600) showed 92.5% inter-annotator
agreement (Cohen’s x=0.874), but only 46.5%
agreement of lexicon labels to gold (53.5%
mismatch; «=0.198), suggesting that XAI
performance estimates and interpretations may shift
as label references are validated. Therefore,
performance reporting should emphasize macro
metrics and clearly state the label references used.
The LIME confidence-aware protocol helps prioritize
audits on borderline/hard cases, and token drift is
used to derive design hypotheses for low-pressure
gamification, social support based on trusted ties and
friction mitigation through triage/escalation of
assistance.

Moving forward, follow-up studies should
gradually expand label audits, add probability
calibration, and validate bucket thresholds before
implementation. Follow-up implementations should
also prioritize human-in-the-loop, aggregate analysis,
and privacy/ethics principles to ensure safe and
responsible use for  monitoring/intervention.
Furthermore, follow-up studies can expand the
comparison to additional Indonesian transformer
models and evaluate explanation methods designed
for contextual encoders, complementing the
auditable TF-IDF + LIME pipeline.
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