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ABSTRACT

The expiration of the lock-up period for PT GoTo Gojek Tokopedia Tbk's
shares led to a sharp stock price decline and public discourse on Twitter.
This study aims to examine the statistical relationship between public
sentiment and GoTo’s stock price movement in Indonesia. Tweets were
classified into positive or negative sentiment using the Naive Bayes
classifier, selected for its computational efficiency on large-scale textual
data. The model achieved 70% accuracy, with a precision of 82% and F1-
score of 75%. The sentiment polarity was then compared with stock trends
across 39 distinct trading periods using four non-parametric statistical
tests: Chi-Square (p = 0.6398), Cramer’s V (0.014), Goodman-Kruskal’s
Lambda (0.053), and Mann-Whitney U test (p = 0.8994). None of these
tests showed a statistically significant association between sentiment
polarity and stock price movement. These findings highlight that while
public sentiment may reflect short-term public interest, it does not reliably
capture the market’s behavioral dynamics—especially in cases of investor
decisions driven by broader macroeconomic or institutional factors.
Sentiment data, therefore, should be considered as a complementary,
rather than primary indicators in stock price analysis.

Keywords : naive bayes, public sentiment; stock price movement, non-
parametric statistics, GoTo, twitter.
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1. INTRODUCTION

In the current digital era, investment
decisions are no longer solely based on financial
reports or technical analysis. The dynamics of
public opinion widely disseminated through
social media also play a significant role in
shaping market perceptions [1]. Twitter, widely
used in Indonesia, serves as a platform for
investors and the public to express views on
corporate performance [2], [3]. This dynamic
was evident in the case of GoTo, a tech
company formed by the merger of Gojek and
Tokopedia on May 17, 2021, creating an
integrated digital ecosystem. GoTo conducted
its [PO in April 2022. Following the end of the
lock-up period in late November, the stock
experienced a sharp decline, prompting strong
public reactions on Twitter [4], [5], [6].

Twitter offers a rich source of emotional
and perceptual data for tracking public
responses to stock-related events through
sentiment analysis and Natural Language
Processing (NLP) [7], [8], [9]. Evolving
sentiment analysis methods have shown that
tweet volume, user influence, and the
integration of Twitter data with machine
learning models—such as Support Vector
Machine (SVM) and Logistic Regression—can
enhance stock market prediction performance
[10], [11], [12]. More recent approaches
integrate aspect-based sentiment analysis
(ABSA) with statistical tools—such as Pearson
correlation, Granger causality, and uncertainty
coefficient—to derive interpretable sentiment-
price relationships [13]. Some models even
achieve strong predictive power without
explicit sentiment labels, as demonstrated in
domain-specific forums [14].

Advanced techniques like neural
networks, XGBoost, LSTM, and Spearman
correlation have shown improved performance
in modeling the nonlinear and time-sensitive
relationship between sentiment and stock prices
[15], [16], [17]. According to behavioral
finance, investor sentiment plays a central role
in driving short-term price volatility.
Psychological biases such as herding behavior,
overreaction, and narrative framing often cause
markets to move independently of financial
fundamentals [18].

Prior studies indicate that public
sentiment from social media can influence stock
movements, especially when integrated with
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machine learning models. However, most focus
on forecasting without statistically evaluating
the relationship between sentiment and market
trends. Few have applied non-parametric
methods or examined sentiment across distinct
price periods.

Indonesia’s capital market, largely driven
by retail investors active on platforms like
Twitter, exhibits a unique behavioral
dynamic—where sentiment tends to be more
reactive and less tied to fundamentals than in
developed markets.

To address this gap, this study seeks to
answer the following question: Does public
sentiment on Twitter significantly relate to
GoTo’s short-term stock price movements in
Indonesia? Unlike predictive approaches, this
study adopts a correlational and distributional
perspective using four non-parametric statistical
tests—Chi-Square, Cramer’s V, Goodman-
Kruskal Lambda, and Mann-Whitney U—on
sentiment represented both categorically
(positive/negative) and numerically (Net
Sentiment Score). The findings provide early
empirical evidence of social media sentiment as
a contextual, non-traditional indicator for
investment decisions in emerging markets.

Based on the formulated research
question and the need to statistically evaluate
the relationship between sentiment and market
movement, this study hypothesizes that there is
no significant relationship between public
sentiment and the direction of GoTo’s stock
price trend. This null hypothesis reflects the
assumption that sentiment, as expressed on
Twitter, does not meaningfully align with stock
price movements. Alternatively, if a statistically
significant relationship is observed, the
hypothesis would be rejected in favor of the
proposition that public sentiment does indeed
relate to stock trend direction.

2. METHODS

This study adopts the Knowledge
Discovery in Databases (KDD) methodology as
the primary framework to systematically extract
insights from large-scale data. KDD offers a
structured process for transforming raw data
into interpretable patterns, making it suitable for
data mining tasks. As shown in Figure 1, the
workflow involves collecting and analyzing
sentiment and stock data to evaluate the
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relationship between public opinion and GoTo's
stock movements.

Data were sourced from two platforms:
Twitter and Yahoo Finance. From Twitter,
relevant tweet texts and metadata (e.g.,
timestamp, engagement) were collected for
sentiment analysis. Concurrently, stock data
from Yahoo Finance were used to determine the
direction of price trends, categorized as either
upward or downward.

Sentiment classification was performed
using the Naive Bayes algorithm, producing
two types of outputs: (1) categorical labels
(positive/negative), and (2) a numerical Net
Sentiment Score (NSS), ranging from -1 to 1,
reflecting the overall sentiment strength.

To investigate the relationship between
sentiment and stock price trends, two non-

parametric statistical approaches are utilized.
The Chi-Square test, Cramer’s V, and
Goodman-Kruskal Lambda are applied to
evaluate the association between sentiment
categories (positive/negative) and stock trend
direction (upward/downward). In parallel, the
Mann-Whitney U test is employed to determine
whether a significant difference exists in the
distribution of Net Sentiment Score (NSS)
between upward and downward trend groups.
Overall, this workflow demonstrates that the
study not only utilizes text -classification
techniques but also integrates them with
statistical evaluation methods to investigate the
potential role of social media sentiment as a
non-traditional  indicator in  investment
decision-making.
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Figure 1. Problem-solving workflow to analyze the relationship between twitter sentiment and stock trend direction (adapted
and modified from [10])

2.1. Data Selection

This study utilizes two datasets:
comment data, hereinafter referred to as tweets,
and stock price data of the GoTo company.
Tweets were collected using the Twitter API
through keyword-based crawling, employing
terms such as “Goto”, “Gojek”, “Tokopedia”,
“Gojek Tokopedia goto”, “Saham Goto”,
“Saham Gojek”, and “Saham Tokopedia”. The
dataset spans from December 2022 to March
2023.

Stock data for GoTo (GOTO.JK) were
sourced from Yahoo Finance for the same
period, including variables such as date, open,
high, low, close, adjusted close, and volume.
The highest price recorded was IDR 141 (Dec
1, 2022), and the lowest was IDR 83 (Dec 26,
2022), with a sharp decline in December
followed by notable gains in January—February.
A sample is presented in Table 1.

Table 1. Sample of GoTo stock price

Date Open High Low Clo Adj Volume
se  Close
1/2/2023 91 94 91 93 93 897258100
1/3/2023 93 97 93 95 95 2761729900
1/4/2023 95 97 93 96 96 1816437300

Pramesti et al, Public Sentiment and GoTo Stock Price...

2.2. Data Preprocessing

Before proceeding to the preprocessing
stage, the tweet data were labeled into three
categories: positive, negative, and neutral. After
labeling, tweets with neutral sentiment were
removed from the dataset, leaving only those
labeled as positive and negative. Following the
removal of neutral labels, a total of 26,840
tweets remained, consisting of 17,221 positive
tweets and 9,619 negative tweets.

After the labeling process, preprocessing
began with a data cleansing step, which
involved removing URLs, usernames,
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punctuation marks (such as ./!:;7”|/><{}[]),
hashtags, digits (0-9), icons, whitespace, and
images. These entities were deemed
unnecessary for the modeling stage. The next
step was case folding, which converted
uppercase letters in tweets to lowercase.

Preprocessing began with tokenization,
followed by normalization using a custom slang
dictionary. Stopwords and colloquial terms
were removed, then stemming reduced words to
their root forms. Emojis and special characters
were filtered using regex and emoji libraries.
However, the preprocessing pipeline did not
address deeper semantic challenges such as
sarcasm, irony, or negation detection. The
informal and context-rich nature of social media
language presents challenges that may affect the
accuracy of sentiment classification. These
limitations are acknowledged as potential
sources of noise in this study.

2.3. Data Transformation

At this stage, Term Frequency-Inverse
Document Frequency (TF-IDF) weighting was
applied to assess the importance of words in the
tweet dataset. This technique evaluates a word’s
relevance within a document relative to its
frequency across the corpus [19]. Term
Frequency (TF), shown in Equation 1,
represents the ratio of a word’s occurrence to
the total word count in a tweet.

Loy nj;
TEGD = $aen M

As shown in Equation 2, IDF is
determined by the ratio between the total
number of documents (D) and the document
frequency dfiqy, which represents how many
documents include the term ¢.

1+D
IDF = In (de(d't)) 2)

The TF-IDF score is obtained as the
product of TF and IDF. Once the weighting is
complete, the tweet data is segmented into
training and testing subsets for model
development.

2.4. Data Mining

To address class imbalance prior to
modeling, the SMOTE-Tomek method was
applied. This hybrid technique combines
SMOTE (Synthetic Minority Over-sampling
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Technique) and Tomek links to balance the
dataset [20]. SMOTE generates synthetic
samples by interpolating between a minority
instance and its k-nearest neighbors [21],
increasing minority class representation. Tomek
links then identify borderline instances from
different classes; if certain conditions are met,
overlapping majority class samples are
removed, refining the class boundary.

Modeling was performed using the Naive
Bayes algorithm, a probabilistic classifier based
on Bayes’ theorem that assumes feature
independence [22]. The classification process
follows Equation 3, where P(h|X) denotes the
posterior probability of class 4 given fetures X,
and P (x;|h) reflects the likelihood of feature x;
in class /. The total probability product is shown
in Equation 4.

P(hIX) = P(h) - T}, P(x;|R) 3)
i=1 P(xilh) = P(x1|h) - P(xp[h) - (xn lh) - (4)

While more complex classifiers such as
SVM or Random Forest are available, this study
deliberately selected Naive Bayes due to its
effectiveness in short-text classification and its
suitability for large-scale social media data.
Moreover, the focus of this research lies in
evaluating the relationship between classified
sentiment and stock price trends, rather than
optimizing classification performance. Thus,
Naive Bayes serves as a reliable and
interpretable baseline model for the analytical
goals of this study.

2.5. Evaluation

The model was evaluated using a
confusion matrix consisting of True Positive
(TP), False Positive (FP), True Negative (TN),
and False Negative (FN). These values were
used to calculate standard performance metrics,
including accuracy (overall correctness),
precision (positive prediction quality), recall
(sensitivity), and F1-score (harmonic mean of
precision and recall).

Accuracy indicates the proportion of
correctly classified instances among all data
records, reflecting the model’s overall
classification performance. Precision refers to
the fraction of predicted positive instances that
are actually positive. Recall, on the other hand,
measures the proportion of actual positive
instances that the model correctly identifies,
representing the true positive rate. The F1-score
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is the harmonic mean of precision and recall,
balancing the trade-off between the two metrics.
While precision captures the correctness of
positive predictions, recall quantifies the
model’s ability to detect true positives [23].

2.6. Non-Parametric Analysis

Non-parametric tests were selected due
to the categorical nature of key variables
(sentiment polarity and stock trend direction)
and the non-normal distribution of Net
Sentiment Scores (NSS). Parametric tests such
as t-test or Pearson correlation are not suitable
under these conditions, hence non-parametric
alternatives were adopted for their robustness in
such scenarios.

The Chi-Square test evaluates whether
there is a statistically significant association
between sentiment polarity (positive/negative)
and stock trend direction (up/down), based on
the difference between observed and expected
frequencies (Equation 5).

2 _vr vk (0y=Ey)’
X~ = Li=1 Zj:lE—ij (6))
The values r and & represent the number
of rows and columns in the contingency table,
respectively. Meanwhile O; and Ej; denote the
observed and expected frequencies in cell-(i,j).
Once the value of y? is obtained, it is compared
to the critical value of the Chi-Square
distribution at a given degree of freedom and
significance level (in this study, a=0.05). If the
p-value is below the significance level of 0.05,
the association is considered significant [25],
[26].

To complement the Chi-Square test,
Cramer’s V (Equation 6) is used to measure the
strength of association [26]. Its value ranges
from 0 (no association) to 1 (perfect
association), with conventional thresholds
categorizing the strength as weak (=0.1),
moderate (>0.3), or strong (=0.5) [27].

XZ

V= nmin(k—1,r-1) (6)
The value of y? is derived from the Chi-
Squared test, n represents the grand total of
observations, while £ and » denote the number

of columns and rows, respectively.
In this study, Lambda is used to assess
how well public sentiment categories
(positive/negative) predict stock price direction

Pramesti et al, Public Sentiment and GoTo Stock Price...

(up/down). The test measures the reduction in
classification error when the independent
variable is known [28], as shown in Equation 7.
AY1X) = 22 (7
Ey

E: refers to classification errors made
without sentiment information, while E;
represents errors made when sentiment is
known. To compare sentiment intensity, the
Mann-Whitney U test (Equation 8) is used to
assess differences in Net Sentiment Scores
(NSS) between uptrend and downtrend periods.
This non-parametric test is suitable for
comparing two independent groups when
normality cannot be assumed [29].
ny(ny+1)

U:n1n2+ 2

Ry ®)

The values n; and n, represent the
number of samples in each group, while R;
denotes the sum of ranks in the first group. The
U value is then converted into a p-value, and if
the p-value<0.05, it indicates a significant
difference between the two sentiment
categories.

3. RESULTS AND DISCUSSION

This section presents the research
findings, starting from sentiment classification
modeling using the Naive Bayes algorithm to
the analysis of the relationship between public
sentiment and stock price movements using
non-parametric measures.

3.1. Modeling Result

After TF-IDF transformation, the data
were split into 70% training and 30% testing.
The training set was imbalanced (12,092
positive vs. 6,759 negative tweets), posing a risk
of model bias. To mitigate this, the SMOTE-
Tomek method was applied to balance the
classes and enhance separability by
oversampling minority instances and removing
overlapping samples.

Post-resampling, each class contained
11,932 tweets, forming a balanced training set
of 23,864 samples. The remaining 8,052 tweets
constituted the test set used for evaluating the
Naive Bayes classifier.
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Figure 2. Comparison of class distribution: (a) before
and (b) after applying SMOTE-Tomek

Figure 2 presents the class distribution
before and after applying SMOTE-Tomek
resampling. Initially, the dataset exhibited a
strong imbalance, which was corrected through
hybrid  resampling to ensure equal
representation of both sentiment classes.

3.2. Performance Evaluation

Model performance was evaluated using
the classification results of the Naive Bayes
algorithm. A confusion matrix (Figure 3) was
generated from the test data to compute
accuracy, precision, recall, and F1-score.

‘Confusion Matrix

True Label

Figure 3. Heatmap confusion matrix

Based on the confusion matrix, the model
correctly classified 3,606 tweets as positive
(TP) and 2,064 as negative (TN). It
misclassified 1,586 positive tweets as negative
(FN) and 796 negative tweets as positive (FP).
Detailed classification metrics derived from
these values are presented in Table 2.

Table 2. Model performance

Metric Score
Accuracy 0.70
Precision 0.82

Recall 0.69
F1-Score 0.75

262

The classification results from the testing
data yielded an accuracy of 70%, a precision of
82%, a recall of 69%, and an F1-score of 75%.
These results were obtained from the
performance evaluation on the testing dataset.
Based on the calculations performed, it can be
concluded that the accuracy score of 0.70 (or
70%) reflects the level of correctness and
reliability of the prediction results in this study.
The precision score of 0.82 (or 82%) indicates
the degree of consistency between the actual
data and the data classified by the system. The
recall score of 0.69 (or 69%) shows that the
system has a relatively high success rate in
identifying relevant instances. Lastly, the F1-
score of 0.75 (or 75%) demonstrates that both
the precision and recall values obtained are
reasonably good. Furthermore, the 70%
accuracy achieved by the Naive Bayes classifier
is considered acceptable for baseline sentiment
classification tasks, particularly in informal and
noisy text environments such as social media.
Previous studies in Indonesian-language
sentiment analysis using similar models report
accuracy levels typically ranging between 65%
and 75%, depending on data quality and
preprocessing techniques [22].

3.3. Relationship Analysis Between Public
Sentiment and Stock Movement

The classification of comment data using
the Naive Bayes Classifier algorithm produced
prediction results based on the testing dataset.
These results reflect the sentiment classification
of the tested comment data, in which each entry
was predicted as either positive or negative.
Table 3 presents a structured summary of
aggregated sentiment and stock trend data,
organized across clearly defined “Stock
Movement Periods”. Each row represents a
contiguous interval, ranging from a single
trading day to multiple consecutive days, during
which the stock exhibited a consistent
directional trend—either an increase (uptrend)
or a decrease (downtrend). This event-based
aggregation approach was chosen to ensure that
public sentiment is evaluated within the actual
market context rather than fixed time slices,
allowing more interpretable insights.

Pramesti et al, Public Sentiment and GoTo Stock Price...
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Table 3. Period-Based aggregation of stock movement and sentiment polarity

No. Stock Movement Period Stock Positive Negative NSS Sentiment
Trend Tweets Tweets Classification
1 01/12/2022 — 12/12/2022 Down 458 493 -0.0368 Negative
2 13/12/2022 Up 49 44 0.0538 Positive
3 14/12/2022 Down 21 19 0.0500 Positive
4 15/12/2022 Up 13 31 -0.4091 Negative
38 13/03/2023 Up 124 168 -0.1507 Negative
39 14/03/2023 — 20/03/2023 Down 24 35 -0.1864 Negative
Over the entire observed timeframe, from Table 4. Contingency table
December 1, 2022, to March 20, 2023, a total of IS)Z'slitt'i'i‘:“t C;t:g’ﬁrie Total
39 such periods were identified. Each reflects a Stock Up 12 5 19
distinct phase of uninterrupted price movement, Drection Down 16 4 20
Total 30 9 39

serving as the foundation for the sentiment
aggregation process. The columns labeled
“Positive Tweets” and “Negative Tweets”
report the total number of sentiment-classified
tweets posted during each period. These figures
represent the aggregared expression of public
opinion collected via social media. Sentiment
classification obtained as the predicted output
from a Naive Bayes classifier trained on labeled
data. The model was applied to testing data to
generate sentiment labels based on tweet
content.

From these aggregated values, the net
sentiment score (NSS) was calculated using
Equation 9 [30]. The NSS ranges from -1 to +1,
where positive values indicate the dominance of
positive sentiment, and negative values reflect
stronger negative sentiment.

_ Npositive_Nnegative
NSS = Npositive+Nnegative (9)
Here, Npositive and Niyegative denote the number of
tweets classified as expressing or negative
sentiment, respectively. Based on this score,
each period was assigned a “Sentiment
Classification™: positive, if NSS>0; negative, if
NSS<0; and neutral, if NSS=0, but no neutral
case appeared in this dataset excerpt.

To enable a clearer analysis of sentiment
trends relative to stock movement, sentiment
was categorically labeled as Positive or
Negative based on the Net Sentiment Score
(NSS), while stock direction was classified as
Uptrend or Downtrend. A contingency table, as
illustrated in Table 4, was constructed to
summarize the joint frequency distribution,
showing the number of periods each sentiment—
trend combination occurred.

Pramesti et al, Public Sentiment and GoTo Stock Price...

As shown in the table, there were 19
periods classified as “uptrend” and 20 as
“downtrend”, with the sentiment categories
distributed accordingly. This contingency table
serves as the basis for the statistical tests that
follow.

A Chi-squared test of independence was
then performed to assess whether there is a
significant association between sentiment
polarity and stock trend. Based on the
contingency table, the Chi-Square test was
performed using Equation (9). The test
produced a Chi-Square statistic of 0.2190 and a
p-value of 0.6398. Since the p-value exceeds
the significance level of 0.05, it indicates that
there is no statistically significant association
between sentiment polarity and stock trend
direction.

To measure the strength of any existing
relationship, Cramer’s V was calculated using
Equation 6 and resulted in a value of 0.014,
suggesting an extremely weak association
between sentiment and movement.

To further evaluate whether sentiment
can be used to predict stock movement, the
Goodman-Kruskal Lambda coefficient was
calculated. In this analysis, the dependent
variable is stock trend, and the independent
variable is sentiment category. The lambda was
calculated in Equation 10.

A(stock trend|sentiment category) =

2 = 0.053 (10)

The lambda value obtained was 0.053,
which means that knowing the sentiment
category reduces the error in predicting stock

movement by only 5.3% compared to simply
guessing based on the most frequent outcome.
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Because the reduction in error is minimal (just
5.3%), this indicates that sentiment does not
provide meaningful predictive power in
determining whether the stock will move up or
down.

As a comparison, a second lambda test
was also performed to evaluate the reverse
direction: predicting sentiment category based
on stock movement. In this case, A(sentiment
category|stock trend)=0.000 indicating that
knowing the direction of stock movement does
not provide any advantage in predicting whether
public sentiment was positive or negative. This
asymmetry illustrates that while sentiment
provides a very limited signal for predicting
stock movement, the reverse is not true: stock
direction does not help explain public sentiment
in this dataset.

To further explore this relationship, an
analysis was conducted to determine whether
the Net Sentiment Score (NSS)—a continuous
variable derived from the proportion of positive
and negative comments—differs significantly
between uptrend and downtrend periods. This
score provides a more nuanced view of public
sentiment intensity over time.

Given the nature of the wvariables, the
Mann-Whitney U test was employed as a non-
parametric method suitable for comparing NSS
distributions across two independent groups
without assuming normality. The test produced
a U-statistic of 185.0 with a p-value of 0.8994,
indicating no statistically significant difference
between sentiment intensity during rising and
falling stock periods. Since the p-value exceeds
the conventional a = 0.05 threshold, we fail to
reject the null hypothesis that both distributions
originate from the same population.

A boxplot in Figure 4 was used to
visualize the distribution of NSS across the two
categories. While the median NSS for uptrend
periods appears marginally higher, both
distributions show substantial overlap in their
interquartile ranges, and each contains negative
outliers. These results further support the
conclusion that sentiment intensity, as measured
by NSS, does not vary systematically with the
direction of stock price movements.
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Boxplot of Net Sentiment Score (NSS) by Stock Trend
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Figure 4. Boxplot of Net Sentiment Score (NSS) by stock trend

This visual evidence aligns with the
statistical findings: despite minor differences in
central tendency, there is no meaningful
separation in NSS distributions between stock
movement directions. In summary, the Mann-
Whitney U test, supported by visual inspection,
confirms that net sentiment score does not
significantly vary according to stock trend
direction. This finding aligns with the results of
the previous categorical analysis, suggesting
that sentiment, whether treated as a
classification or continous measure, does not
exhibit a strong relationship with market
movement within the observed timeframe.

3.4. Visualization

The visualization aims to identify
frequently occurring words in the comment
data, which facilitates the interpretation and
understanding of the information contained
within the comments. As a sample, four periods
were selected based on Table 3, consisting of
two periods during an upward stock trend and
two periods during a downward stock trend.
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Figure 5. Word frequency during: (a) downward stock trend
with negative sentiment category, and (b) downward stock trend
with positive sentiment category

Figure 5(a) shows the word frequency
distribution during Period 1 (01/12/2022-
12/12/2022), when the stock trend was
declining and sentiment was predominantly
negative. Dominant terms included ‘“gojek,”
“goto,” “cek (check),” “saham (stock),” and
“harga (price),” with “saham (stock)” co-
occurring with “GoTo” in 4.4% of the 951
tweets—indicating that investment-related
topics were part of the public discourse.

In contrast, Figure 5(b) displays word
frequencies from Period 9 (30/12/2022-
01/01/2023), which also featured a downward
trend but positive sentiment. Although
commonly used words remained similar, the co-
occurrence of “saham (stock)” and “GoTo”
dropped to 1.3% of 262 tweets, suggesting that
positively toned discussions were less focused
on financial performance.
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Figure 6. Word frequency during: (a) upward stock trend with
positive sentiment category, and (b) upward stock trend with
negative sentiment category
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Figure 6(a) illustrates word frequencies
during Period 34 (03/03/2023-08/03/2023), a
rising  stock trend accompanied by
predominantly positive sentiment. Frequent
terms such as “gojek,” “cek (check),” “coba
(try),” and ‘“goto” reflect engagement with
GoTo's services, but notably, there was no co-
occurrence of “saham (stock)” with “GoTo,”
suggesting minimal focus on investment topics
despite the favorable trend.

In contrast, Figure 6(b) depicts Period 38
(21/03/2023-28/03/2023), which also saw a
rising trend but with dominant negative
sentiment. Commonly used words—Ilike
“banget (very),” “pesan (order),” “kerja
(work),” and “pakai (use)”—indicated service-
related complaints or user dissatisfaction. The
co-occurrence of “saham (stock)” and “GoTo”
appeared in only 1.5% of 292 tweets,
reinforcing the view that public sentiment, even
when negative, may not center on financial
aspects during upward stock movements.

Based on the above descriptions and
visualizations, it can be interpreted that public
perceptions (whether positive or negative) of a
company’s condition do not always reflect
actual market conditions. These results also
reinforce the notion that, even during periods of
rising stock prices, investment-related topics are
not the primary focus of public opinion—even
when sentiment is negative. The word
distribution visualizations also support the
results of the Chi-Squared Test and the
Goodman-Kruskal Lambda, as the emerging
sentiments were not consistently aligned with
the upward or downward trends of stock prices.

3.5. Discussions

This study examined whether public
sentiment expressed on social media is
associated with the direction of GoTo’s stock
price movement. Sentiment was analyzed both
as a categorical variable (positive/negative) and
a numerical score (Net Sentiment Score or
NSS), while stock movement was classified into
uptrend and downtrend periods.

The statistical results indicated no
significant relationship between sentiment and
stock trends, regardless of how sentiment was
represented. Accordingly, the null hypothesis—
which states that Twitter sentiment has no
meaningful relationship with stock price
direction—was not rejected. The association
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was weak, and sentiment showed minimal
predictive power. Similarly, sentiment intensity
measured by NSS did not differ significantly
between uptrend and downtrend periods, as
supported by both statistical tests and boxplot
visualization.

Several factors may explain these
findings. First, the effect of sentiment may be
delayed or indirect, and thus not captured in
aggregated trend-based periods. Second, stock
prices are likely influenced by multiple
factors—such as macroeconomic indicators,
investor behavior, official news, and
government policies—that go beyond public
sentiment. While this study did not directly
integrate macroeconomic or fundamental data,
public news sources during the observation
period included coverage of rising interest rates,
tech-sector  corrections, and regulatory
uncertainties in Indonesia—all of which may
have influenced GoTo’s stock performance
independently of social media sentiment.
Incorporating such contextual data is suggested
for future research to more comprehensively
isolate sentiment effects.

Third, the Naive Bayes classifier used in
this study may not adequately capture complex
expressions like sarcasm or irony, which are
common in social media. Moreover,
aggregating sentiment into multi-day trend
periods may obscure short-term fluctuations
more sensitive to market sentiment shifts.

Additionally, the sentiment classifier
achieved an accuracy of 70%, which, while
acceptable for basic sentiment detection, may
introduce a degree of noise into the aggregated
sentiment scores. A higher accuracy could
potentially improve the signal quality of
sentiment data and sharpen the observed
relationship with stock price movement.
Therefore, future studies could benefit from
conducting sensitivity analysis to assess
whether improved classification performance
would yield different statistical outcomes.

Theoretically, these findings suggest that
although sentiment analysis has become a
popular approach in financial market studies, its
results are not always consistent across different
contexts. The use of sentiment metrics as a
standalone indicator appears to be insufficient
for predicting short-term  stock  price
movements. For practitioners, particularly
investors or market analysts, this finding serves
as a reminder that relying solely on public
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sentiment data, without incorporating technical
and fundamental indicators, may lead to less
accurate decision-making. In other words,
sentiment should be used as a complementary
tool, rather than a substitute for other forms of
market information.

3.6. Limitations and Future Work

The finding that public sentiment does
not have a significant relationship with stock
price movement contradicts several previous
studies. For instance, study [10] reported that
tweet volume influenced prediction accuracy,
while [13] demonstrated interpretable links
between sentiment aspects and stock prices
using ABSA with statistical techniques like
Pearson correlation and Granger causality.
These results suggest that fine-grained
sentiment modeling may offer greater
predictive value than our broader approach.

Several factors may explain this
discrepancy. The data scope, limited to one
stock and a relatively short observation period,
may restrict the generalizability of the findings.
In addition, the classification approach used
remains relatively basic and does not yet capture
more complex emotional or contextual nuances.
This study also recognizes inherent limitations
associated with using Twitter as a data source.
Although Twitter is widely used in Indonesia,
its user base may not accurately reflect the
broader population of retail investors. The
presence of automated accounts (bots), echo
chambers, and opinion leaders can skew
sentiment distributions, potentially amplifying
certain narratives disproportionately. Moreover,
without demographic validation, it remains
unclear how representative Twitter sentiment
truly is of actual investor behavior in emerging
markets such as Indonesia.

Future research should consider
expanding the dataset across multiple stocks
and longer observation windows, incorporating
technical indicators (e.g., RSI) into
multivariable models, and applying more
advanced classification models such as
ensemble methods or transformer-based
architectures. Additionally, integrating real-
time data and market context may help uncover
lag effects or indirect influences of sentiment on
price dynamics.
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CONCLUSION

This study examined whether public
sentiment on Twitter could predict the direction
of GoTo’s stock price movement. A Naive
Bayes classifier achieved 70% accuracy in
sentiment classification. However, statistical
tests—including Chi-Square (p = 0.6398),
Cramer’s V (0.014), Goodman-Kruskal
Lambda (0.053), and Mann-Whitney U (p =
0.8994)—found no significant relationship
between sentiment and stock trends. Based on
these findings, the null hypothesis, which posits
no meaningful association between Twitter
sentiment and stock price movement, was not
rejected.

These results suggest that sentiment
analysis alone may be insufficient for short-
term stock price forecasting, particularly for
early-phase PO stocks such as GoTo. While
public opinion can be a valuable information
source, its predictive value appears limited in
isolation.  Practitioners are advised to
complement sentiment signals with other
indicators, such as trading volume, price
volatility, or macroeconomic news, for more
reliable market insight.
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