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1 Introduction
Social media platforms thrive on rapid interaction, yet not all
posts generate the same level of response. Some attract little
attention, while others spark intense discussion, disagree-
ment, or sustained engagement. Understanding why certain
posts draw disproportionate attention is important because
high-engagement or controversial content can shape com-
munity norms, amplify conflict, and influence how users in-
teract online.

Our goal was to make predictions on the engagement met-
rics of posts on Davidson College’s YikYak API. At David-
son, YikYak is the predominant form of anonymous forum
social media engagement. We planned to measure what spe-
cific metrics informed a post’s virality, and explored how to
measure this through a variety of different methods.

In this project, we initially set out to predict controver-
siality, defined as whether a post would provoke polarized
reactions. However, early experiments revealed that con-
troversiality was difficult to predict reliably using textual
and lightweight engagement features alone. Across multiple
models, including Logistic Regression, Support Vector Ma-
chines, and Random Forests, performance remained average
in terms of prediction. Furthermore, it was difficult to deter-
mine whether a post was deemed controversial in YikYak,
as there is no ”controversial” flag.

These results motivated a reframing of our research ques-
tion toward a more universal and computable task: predict-
ing high engagement. We defined engagement through ob-
servable user interactions such as comments and upvotes.
When applied to this task, the same modeling framework
yielded substantially stronger results. So, we focused our
analysis on engagement prediction.

Finally, we demonstrated the practical application of our
findings by deploying our final logistic regression model as
an interactive Streamlit web application. The demo is avail-
able here (https://yikpredict.streamlit.app/).

2 Data Collection
Source Dataset: YikYak
Our primary dataset consists of posts scraped from
Sidechat/YikYak using a reverse-engineered API wrapper
implemented in Node.js.

We recreated the approach by Matthew Esposito to scrape
the YikYak data (Esposito 2023). We collected YikYak posts
using a reverse engineered API developed by Micah Lindley
(Lindley 2023b; Lindley 2023a).

Posts were collected by repeatedly calling getGroup-
Posts() and retrieving data in batches up to a defined cut-
off date, which we set as a calendar year from the current
date. The data is stored in JSONL format, where each line
represents a single post. Below are the metadata elements
collected for each YikYak post:

• id: anonymized identifier

• text: full post content

• created at: timestamp of submission

• vote total: net up-votes

• comment count: number of comments

• group id: numeric group identifier

• index code: internal platform code

Unlike Reddit, YikYak does not provide an explicit con-
troversiality label. Although we considered manually a sub-
set of the YikYak posts as controverisal/not controversial,
we decided to train our models on Reddit data in order to
determine what made a post controversial.

Source Dataset: Reddit
Our original approach leveraged Reddit, where posts are ex-
plicitly labeled as controversial by the platform, to train su-
pervised models that could later be applied to YikYak. Red-
dit comments were also selected as the training dataset due
to their structural and linguistic similarities to YikYak posts,
as well as the ease of scraping the Reddit API.

Reddit data were collected using the platform’s official
public API (Reddit, Inc. 2024). We collected data from
a wide range of subreddits in order to capture a broad
range of engagement behaviors. For each subreddit, we re-
trieved posts from several standard Reddit listings, including
controversial, top, hot, and new. Thus, we were able
to list a binary label of marked controversial or not marked
controversial for each post in the dataset without requiring
manual annotation.

To ensure comparability with YikYak posts, we restricted
the metadata collected for each Reddit post to match the
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YikYak JSON file. All posts were transformed into a unified
schema aligned with the YikYak dataset to support cross-
platform modeling.

We ran into limitations with Reddit’s rate limits and usage
policies, encountering HTTP 429. Though we attempted to
use the Reddit Data API, our request for access was denied.
Thus, we had to collected data incrementally across multiple
runs and different computers. We later merged the data col-
lected into a single dataset and removed any duplicate posts
prior to modeling.

3 Preprocessing and Feature Engineering
Reddit Data Preprocessing
As mentioned earlier, to ensure compatibility between the
training and target domains, we transformed the Reddit
dataset to match the structure of the YikYak dataset as
closely as possible.

Specifically, we:

• Renamed and standardized feature fields to match YikYak
conventions

• Retained only features that are observable or computable
in both datasets

• Normalized engagement-related attributes (e.g., comment
counts and upvotes)

This transformation reduced the risk of domain mismatch.
After loading the merged Reddit dataset, we removed any

posts missing essential fields such as text content or labels.
Text preprocessing then standardized all content by convert-
ing text to lowercase, removing URLs, stripping user men-
tions, and normalizing whitespace. This step was important
given the informal and noisy nature of Reddit comments.

When we structured our models around controversiality
prediction, we used Reddit’s platform-provided controver-
sial flag as the target label. When we transitioned to an
engagement prediction model, we defined high engagement
as posts whose comment-to-upvote ratio fell within the top
quartile of the distribution.

For both focuses, we engineered several categories of fea-
tures:

• Engagement-derived features: comment-to-upvote ra-
tios, later used to define high-engagement labels.

• Sentiment features: polarity scores from TextBlob and
sentiment components (positive, neutral, negative, com-
pound) from VADER

• Linguistic cues: post length, first- and second-person
pronoun counts and ratios, and disagreement markers
based on curated lexicons.

• Temporal features: hour of posting, day of week, and
weekend indicators.

Many of these engineered features were developed con-
sistent with prior findings that controversy is strongly influ-
enced by discussion structure, not only post content (Hessel
and Lee 2019).

YikYak Data Preprocessing
Similar cleaning steps were applied to our YikYak data, in-
cluding removal of empty or malformed posts and normal-
ization of text. In addition, emojis were converted to text de-
scriptors to preserve emotional content rather than discard-
ing it. We engineered linguistic, sentiment, and temporal
features to maintain alignment with the Reddit dataset and
to bolster our findings further than textual data alone could.

Because YikYak does not provide an explicit controver-
siality flag comparable to Reddit’s, we initially attempted
to define controversiality ourselves using a comment-to-
upvote ratio. However, we found that this distinction was
too ephemeral, subjective and unstable to support a reliable
binary classification task. As a result, we transitioned to
a more data-driven formulation focused on predicting en-
gagement. Engagement labels were derived from vote totals,
with high engagement defined as posts in the top decile of
upvotes.

Handling Class Imbalance (YikYak)
Our YikYak dataset exhibited severe class imbalance, with
high-engagement posts (top decile of vote totals) represent-
ing only 10 percent of the data. To address this challenge,
we employed multiple strategies: First, we performed un-
dersampling of the majority class during training, reducing
the training set to a balanced distribution while preserving
the test set’s original proportions. Second, we implemented
class-weighted loss functions across all models, assigning
higher penalty weights to misclassified minority-class in-
stances. Third, we experimented with balanced variants
of ensemble methods, such as BalancedRandomForestClas-
sifier, which incorporates built-in balancing mechanisms.
These approaches were essential to prevent models from
defaulting to majority-class predictions while still learning
meaningful signals for high-engagement detection.

Advanced Feature Engineering (YikYak)
Beyond basic text and temporal features, we engineered sev-
eral feature categories specifically for YikYak’s community
dynamics. We made sure that we calculated each of these
features using only past data in order to prevent data leakage
when making predictions on unposted text:
• Burstiness Features: We calculated the number of posts

in the previous 2 hours both globally (postsprev2hall) and
within each group (postsprev2hgroup), allowing models
to capture temporal patterns in community activity.
• Relative Activity Metrics: The ratio relpostsprev2h mea-

sured whether a group was unusually active compared to
the entire platform.
• Linguistic Engagement Signals: Beyond sentiment, we

counted exclamation points, question marks, and conflict
words (e.g., ”but”, ”however”, ”actually”) that might in-
dicate provocative or discussion-worthy content.

Duplicate Removal and Leakage Prevention
(YikYak)
During experimentation, we observed unrealistically high
model performance, which led us to identify duplicate posts



Figure 1: Reddit Class Distribution of Engagement Labels

Figure 2: YikYak Class Distribution of Engagement Labels

leaking across train and test splits. We removed duplicate
entries based on cleaned text before splitting the data, re-
sulting in more realistic and reliable evaluation metrics.

Exploratory Data Analysis
Figures 1 and 2 show the class distribution of engagement
labels for the Reddit and YikYak datasets, respectively. In
both cases, high engagement posts constitute a clear minor-
ity of the data. We produced this imbalance by separat-
ing the high-engagement posts using a percentage thresh-
old. While this strategy helped us to isolate posts with high
attention, it also introduces substantial class imbalance into
the learning problem.

This imbalance greatly impacted model training and eval-
uation. Most importantly, accuracy of a model can be mis-
leading, as the model can achieve high accuracy by consis-
tently predicting the majority class. As a result, we priori-
tize precision, recall, and F1-score for the high-engagement
class when evaluating model performance.

We found generally that YikYak engagement is tempo-
rally structured, highly skewed and weakly linear. Figure 4
shows generally weak linear correlations between most nu-
meric features and engagement-related variables. No single
scalar feature exhibits a strong linear relationship with high

Figure 3: YikYak Pair Plot

Figure 4: Correlation heatmap of numeric features in the
YikYak dataset.

engagement.
The pair plot (Figure 3) further illustrates this pattern,

showing that the trends for the numeric features we pro-
duced often overlapped across both low and high posts.
These observations suggest that engagement is not driven
by any single numeric attribute, and it is therefore useful to
develop high-dimensional textual representations and regu-
larized models that can combine multiple weak signals. This
generally corresponds to the findings reported by Hessel and
Lee (Hessel and Lee 2019).

4 Model Implementation
Initial Controversy Measurement Models (Reddit)
We first implemented three baseline classifiers to predict
Reddit’s platform-defined controversial flag: a Support Vec-
tor Machine (SVM), Logistic Regression, and a Random
Forest. All models used a shared feature representation
consisting of TF–IDF vectors extracted from cleaned post
text (unigrams and bigrams, capped at 8,000 features) con-
catenated with a small set of numeric features, including
comment-to-upvote ratio and sentiment polarity. To account



Figure 5: Initial Logistic Regression Model Classification
Report

Figure 6: Initial SVM Model Classification Report

for class imbalance, all models were trained using stratified
train–test splits and class-weighted loss functions. Numeric
features were scaled using a sparse-compatible standardiza-
tion procedure before being concatenated with text features.

Logistic Regression Model: The Logistic Regression
model showed similar behavior, achieving 0.52 accuracy.
Although recall for controversial posts was slightly higher
than the SVM, overall performance remained close to
chance, reflecting the difficulty of learning controversy sig-
nals from text and lightweight engagement features alone.
Figure 5 shows the classification report.

SVM Model: The Linear SVM achieved an overall accu-
racy of 0.50. While it performed moderately well on non-
controversial posts, it struggled to correctly identify contro-
versial ones, yielding very low recall and F1 scores for the
positive class. Figure 6 shows the classification report.

Random Forest Model: The Random Forest model
achieved the highest accuracy among the three, with an ac-
curacy of 0.61. However, this improvement was largely
driven by strong performance on the majority class. Preci-
sion and recall for controversial posts remained extremely
low, indicating that the model effectively defaulted to
majority-class predictions. Figure 7 shows the classifica-
tion report.

These results demonstrate that controversiality is difficult
to predict reliably. Even models capable of capturing nonlin-
ear feature interactions failed to generalize meaningful sig-
nals for the minority class.

Interpretation: Controversy Measurement Models (Red-
dit) Across all three models, performance on controver-
siality prediction was unstable, with particularly poor re-
call for controversial posts. Although the Random For-

Figure 7: Initial Random Forest Model Classification Report

est achieved higher overall accuracy, this percentage is
misleading, as the model overpredicted the majority non-
controversial class. Thus, it did not meaningfully predict
controversial posts. Both linear models similarly struggled
to identify controversial posts, indicating that controversy
signals are not easily separable using text features and en-
gagement metadata alone.

Unlike engagement, which reflects aggregate user atten-
tion, controversy depends on polarization within the voting
population and may be influenced by factors such as com-
munity norms, thread context, and user identity. It’s likely
that Reddit’s controversiality flag is triggered by the addi-
tional metadata that is collected on the Reddit API, which
we minimized in order to transfer the Reddit data to YikYak.
This limitation motivated our shift toward engagement pre-
diction, a more universal measurable target.

High Engagement Measurement Models (YikYak)
Given our results showing that controversy is highly context-
dependent, we reframed the task to predicting high engage-
ment. Engagement provides a clearer and more consistent
behavioral signal than controversiality, and it is observable
across both Reddit and YikYak.

To predict high engagement on YikYak posts, we imple-
mented and compared three supervised classification mod-
els. Across all models, textual content was represented using
a TF–IDF vectorization scheme. TF–IDF is a widely used
weighting scheme for sparse text representations (Geeks-
forGeeks 2023). This representation allowed each model to
capture both individual word usage and short phrase patterns
associated with engagement.

Logistic Regression Model: First, we implemented a lo-
gistic regression classifier and scaled the features using
StandardScaler. This was done to maintain compatibility
with the sparse TF–IDF matrix, and concatenated with text
features using hstack.The logistic regression classifier was
trained with the liblinear solver, max iter=2000, C=1.0, and
class weight=”balanced” to account for the minority high-
engagement class. After fitting, predicted probabilities for
the positive class were thresholded at 0.6 to improve detec-
tion of high-engagement posts, rather than using the default
0.5 cutoff. The model classification report is shown in Fig-
ure 8:

The classification report indicated:

• Low Engagement (Class 0): Precision = 0.92, Recall =
0.85, F1-score = 0.88



Figure 8: Logistic Model Classification Report

• High Engagement (Class 1): Precision = 0.20, Recall =
0.33, F1-score = 0.25
These results reflect that the model is highly precise in

identifying low-engagement posts, meaning that when it
predicts a post as low-engagement, it is usually correct. Re-
call for low-engagement posts is also high, indicating that
most low-engagement posts are correctly captured. In con-
trast, the model has low precision and moderate recall for
high-engagement posts. This means that when it predicts
high engagement, it is often wrong, and it misses a sub-
stantial number of actual high-engagement posts. The F1-
score of 0.25 for high-engagement posts summarizes this
poor balance, highlighting the difficulty of correctly iden-
tifying minority-class instances in an imbalanced dataset.

The confusion matrix (Figure 9) illustrates that the model
is highly accurate for low-engagement posts but underde-
tects high-engagement posts, reflecting the challenge of pre-
dicting a minority class even when using additional numeri-
cal and burstiness features. It shows:
• True Negatives (2923): Low-engagement posts correctly

predicted
• False Positives (520): Low-engagement posts misclassi-

fied as high-engagement
• False Negatives (255): High-engagement posts misclassi-

fied as low-engagement
• True Positives (127): High-engagement posts correctly

predicted
The model’s ROC AUC was 0.71 (Figure 10), indicat-

ing moderate discriminative power. These results demon-
strate that combining textual, numerical, and burstiness fea-
tures allows logistic regression to capture meaningful sig-
nals associated with post engagement. Adjusting the prob-
ability threshold improved sensitivity to high-engagement
posts, though recall remains limited. Overall, this approach
provides a strong, interpretable baseline for engagement pre-
diction on short-form social media content.

SVM Model: In addition to logistic regression, a Linear
Support Vector Machine (SVM) was trained to predict high
engagement in YikYak posts. The classifier used LinearSVC
with a regularization parameter of C = 2.5, a maximum of
1,000 iterations, and class-weight balancing to mitigate the
strong class imbalance between high- and low-engagement
posts. Unlike logistic regression, this SVM model does not
produce calibrated probabilities, but instead learns a deci-
sion boundary that maximizes the margin between the two

Figure 9: Logistic Model Confusion Matrix

Figure 10: Logistic Model ROC CURVE: YikYak Dataset



Figure 11: SVM Model Classification Report

classes. The model achieved an overall accuracy of 0.80,
comparable to the logistic regression model. The model
classification report is shown in Figure 11:

The classification report indicated:

• Low-engagement posts (class 0): precision = 0.92, recall
= 0.85, F1-score = 0.88
• High-engagement posts (class 1): precision = 0.18, recall
= 0.30, F1-score = 0.23

As with logistic regression, the model performs very well
on the majority class. High precision for low-engagement
posts indicates that predictions of low engagement are
usually correct, and high recall suggests that most low-
engagement posts are successfully identified. However, per-
formance on high-engagement posts is substantially weaker.
The low precision (0.18) indicates that many posts predicted
as high engagement are actually low engagement, while the
recall of 0.30 shows that the model fails to capture a major-
ity of truly high-engagement posts. The resulting F1-score
of 0.23 reflects this imbalance and difficulty in modeling the
minority class.

The confusion matrix (Figure 12) illustrates, similar to
logistic regression, the majority of errors arise from mis-
classification of high-engagement posts, either by missing
them entirely or by over-predicting high engagement for
low-engagement content. It shows:

• True Negatives (2933): Low-engagement posts correctly
classified
• False Positives (510): Low-engagement posts misclassi-

fied as high engagement
• False Negatives (268): High-engagement posts misclassi-

fied as low engagement
• True Positives (114): High-engagement posts correctly

identified

The model’s ROC AUC was 0.66 (Figure 13). This distri-
bution shows that, similar to logistic regression, the major-
ity of errors arise from misclassification of high-engagement
posts, either by missing them entirely or by over-predicting
high engagement for low-engagement content. The result
suggests that while the SVM captures some separation be-
tween engagement levels, it does not substantially improve
minority-class detection.

Random Forest Model: We implemented both standard
and balanced Random Forest classifiers to predict high en-
gagement on YikYak posts. The balanced variant used the

Figure 12: SVM Model Confusion Matrix

Figure 13: SVM Model ROC CURVE: YikYak Dataset



Figure 14: Balanced Random Forest Model ROC CURVE:
YikYak Dataset

BalancedRandomForestClassifier from the imblearn library
with 500 estimators and built-in class balancing mecha-
nisms. Both models were trained on the same feature repre-
sentation combining TF-IDF text features with 14 numeric
features including post length, pronoun ratios, sentiment
scores, and burstiness metrics.

The Balanced Random Forest achieved an overall accu-
racy of 85.5 percent, with precision and recall for high-
engagement posts at 0.249 and 0.225 respectively (F1-score
= 0.237). The confusion matrix (Figure 15) revealed that
the model correctly identified 3,184 low-engagement posts
but misclassified 259, while detecting only 86 out of 382
high-engagement posts. Overall, our Standard Random
Forest Model continued to struggle with identifying high-
engagement posts. We often found ourselves sacrificing re-
call for higher accuracy.

Interestingly, when we trained a standard Random For-
est without explicit balancing, it achieved 90 percent overall
accuracy but with virtually no recall for high-engagement
posts (0.003). This demonstrates the critical importance
of addressing class imbalance: unbalanced models tend to
default to majority-class predictions, achieving high accu-
racy at the expense of minority-class detection. The bal-
anced version showed significantly improved recall for high-
engagement posts (0.225 vs. 0.003), though still far from
optimal. However, a significantly larger number of true neg-
atives were identified, as visible in the Confusion Matrix
(Figure 16).

The Confusion Matrix for both the Standard (Figure 15)
and Balanced Random Forests (Figure 16) indicated fre-
quent errors in identifying high-engagement posts, similar
to the errors found in our logistic regression model and our

Figure 15: Confusion Matrix: Standard Random Forest

Figure 16: Confusion Matrix: Balanced Random Forest



Figure 17: Logistic Regression Model Classification Report

SVM model. The similarity in performance across differ-
ent models indicates that the primary challenge is not the
standard of model itself but rather feature representation and
class imbalance.

Interpretation: High Engagement Measurement Models
(YikYak) Across all three models, engagement prediction
on YikYak remains challenging, with consistent difficulty
in identifying high-engagement posts. Logistic regression
achieved the strongest overall balance among the models,
with the highest recall for the high-engagement class and the
best ROC AUC (0.71). The linear SVM performed similarly
but exhibited slightly weaker separation, while both standard
and balanced Random Forest models failed to substantially
improve minority-class detection despite higher overall ac-
curacy.

The comparable performance of linear and tree-based
models suggests the limitation was not model expressiveness
but the underlying feature representation and extreme class
imbalance. High-engagement posts remained difficult to dis-
tinguish from low-engagement posts using surface-level text
and metadata alone, even with additional features built in.

High Engagement Measurement Models (Reddit)
Although our initial focus was YikYak data, we then tested
our models on the existing Reddit dataset in order to de-
termine its classification effectiveness on other social media
forums. So, we evaluated three supervised learning models
for engagement prediction on Reddit data: Logistic Regres-
sion, a linear Support Vector Machine (SVM), and Random
Forest–based classifiers. All models were trained and tested
using the same stratified data splits and preprocessed feature
representations.

Logistic Regression Model: Logistic Regression
achieved strong performance, reaching 0.90 accuracy with
balanced precision and recall for the high-engagement class
(F1 = 0.80). These results indicate that a combination of
TF–IDF text features and simple numeric metadata, such
as post length, captures meaningful signals associated with
user engagement. Figure 17 shows the classification report.

SVM Model: The linear SVM model produced nearly
identical results, also achieving 0.90 accuracy and an F1-
score of 0.80 for high-engagement posts. The consistency
between these two linear models suggests that engagement-
related linguistic patterns are largely linearly separable in
the feature space. Figure 18 shows the classification report.

Figure 18: SVM Model Classification Report

Figure 19: Random Forest Model Classification Report

Random Forest Model: In contrast, the Balanced Ran-
dom Forest model underperformed relative to the linear
models. While it achieved an overall accuracy of 0.825,
performance on the high-engagement class was substantially
weaker, with a precision of 0.234, recall of 0.330, and an F1-
score of 0.274. This indicates that although class balancing
improved the model’s ability to identify high-engagement
posts compared to an unbalanced Random Forest, it still
struggled to reliably distinguish minority-class instances.
This outcome aligns with prior findings that tree-based mod-
els struggle with sparse, high-dimensional text representa-
tions. Figure 19 shows the classification report.

Interpretation: High Engagement Measurement Models
(Reddit) Across all three models, engagement prediction
on Reddit is substantially more successful than on YikYak.
Both logistic regression and the linear SVM achieve strong
performance, indicating that engagement signals in Reddit
data are largely linearly separable when represented using
TF–IDF text features and simple numeric metadata. This
consistency suggests that linguistic patterns associated with
high engagement on Reddit are stable and well captured by
sparse linear representations.

In contrast, the Random Forest model underperforms de-
spite explicit class balancing. These results reinforce that
model complexity alone does not guarantee improved per-
formance and that representation choice plays a central role.
Overall, the strong performance of linear models demon-
strates that engagement prediction is a feasible task on Red-
dit and provides a useful upper bound for comparison with
the more challenging YikYak setting.

Interpreting Reddit vs. YikYak Engagement
Measurement Models
Figures 20–22 illustrate a clear performance gap between
engagement prediction on Reddit and YikYak. On Reddit,



Figure 20: Logistic Regression ROC CURVE: Reddit
Dataset

Figure 21: Linear SVM ROC CURVE: Reddit Dataset

Figure 22: Random Forest ROC CURVE: Reddit Dataset

all models achieve strong discriminative performance, with
linear models in particular showing high AUC values (logis-
tic regression: 0.86; linear SVM: 0.92). This suggests that
engagement-related signals in Reddit data are relatively sta-
ble and linearly separable when represented using TF–IDF
features.

In contrast, ROC curves for the YikYak dataset show
substantially weaker performance across all models, with
AUC values closer to chance. This difference highlights the
increased difficulty of engagement prediction on YikYak,
where engagement is sparser, more imbalanced, and more
sensitive to short-term community dynamics. Together,
these results indicate that while text-based linear models
generalize well on Reddit, additional contextual and tem-
poral signals are necessary to model engagement effectively
on YikYak.

5 Broader Impacts
Controversy vs. Engagement
Throughout this process, we transitioned our work to em-
phasize engagement prediction as a more stable target, as
opposed to controversy measurements. While controversial-
ity is often defined through platform-dependent data, en-
gagement reflects measurable user behavior, such as com-
menting and voting, that is present across many social me-
dia platforms. Prior work has shown that controversy pre-
diction often depends heavily on discussion structure and
community-specific norms, limiting generalization across
platforms (Hessel and Lee 2019).

Bias and Community Skew
Our YikYak dataset reflects a single college community,
which introduces inherent demographic and cultural skew.



Language use, humor, and what constitutes engaging or
provocative content at Davidson College may differ sub-
stantially from other campuses or regions. Because content
visibility and participation are constrained by location, en-
gagement is shaped not only by content but also by what
is happening in the area. Events such as campus activities,
weather, or academic stress cycles may significantly influ-
ence engagement in ways that are difficult to capture us-
ing text and lightweight metadata alone. It’s likely that our
model could not be applicable to YikYak data on other cam-
puses.

Additionally, we ran the risk of domain transfer error with
our original strategy of training on Reddit data and transfer-
ring the model to YikYak. Training on Reddit data intro-
duces its own biases, as Reddit communities tend to over-
represent particular demographics and discourse styles. Ad-
ditionally, Reddit’s definition of controversiality is derived
from voting behavior and may not align with how contro-
versy manifests on YikYak. When models trained on Reddit
are applied to YikYak (our original strategy), these biases
may manifest as systematic misclassification of posts.

Ethical Use
Developing a model that predicts online controversy in-
volves significant ethical considerations. Although we used
a reverse-engineered API wrapper, we were careful and
made sure to restrict our scraping to publicly visible con-
tent and avoided collecting any identifying information. We
wanted to align our work with responsible data-collection
practices. At the same time, we recognize that any model
trained on community behavior risks learning and reinforc-
ing biases already present within that community. Posts
written in certain dialects or certain identities might receive
more negative or polarized responses, and a model could
mistakenly interpret that as controversial.

Furthermore, while such a system could help modera-
tors anticipate conflicts or help researchers study online dis-
course, it could also contribute to over-moderation or dis-
courage users from expressing their opinion, which could
be socially important, but uncomfortable. Our project high-
lights these concerns so that any future use of a similar sys-
tem can be done with transparency and care.

Model Improvements
Prior work has demonstrated that engagement and contro-
versy are often driven by discussion dynamics and tempo-
ral structure rather than post text alone ((Hessel and Lee
2019), (Fan et al. 2021). Our findings align with this ob-
servation: linear text-based models perform well on Reddit,
where engagement patterns are relatively stable, but struggle
on YikYak, where engagement is sparse, volatile, and highly
time-dependent.

Our feature set focuses primarily on surface-level lin-
guistic cues, sentiment, and short-term activity patterns.
While these features capture some engagement signals, they
may overlook specific triggers such as campus-specific buz-
zwords, slang, or references to local events. Incorporat-
ing dynamically learned topic or keyword features, partic-

ularly those grounded in local context, could improve per-
formance.

Practical Applications
We exported the most successful trained pipeline, the Logis-
tic Regression high engagement predictor. It is important
to note that the deployed Streamlit application represents
a constrained approximation of our evaluated engagement
prediction model. The app we built was very rudimentary,
so we ended up setting any features that were contingent on
of-the-moment pulled data to zero (such as the feature that
measured any recent spike in YikYak activity). Instead, we
relied on the model trained on the dataset and packaged the
model, the text preprocessing and the TF–IDF vectorization
into an sklearn Pipeline, which we loaded in a Streamlit app
platform. As a result, while the application demonstrates the
practical application of engagement prediction, its outputs
should be interpreted as illustrative rather than equivalent to
the full model’s performance.

The app collects user inputs, passes the input to the
pipeline and displays the output: a measurement of
the likelihood that the input will receive high engage-
ment on Davidson’s YikYak. The GitHub repository for
the Streamlit app is public, and can be accessed here
(https://github.com/ellloraa/streamlit yikyak).

6 Conclusions
Although our initial goal was to predict controversiality,
empirical results revealed that controversy was difficult to
model reliably using text and lightweight engagement fea-
tures alone. This motivated a shift toward engagement pre-
diction, a more observable and behaviorally grounded target.

Our results show that engagement prediction is substan-
tially more tractable on Reddit than on YikYak, highlighting
the role of platform structure and community dynamics in
shaping online interaction.

The comparatively weaker performance on YikYak un-
derscores the limits of surface-level text modeling in hyper-
local, anonymous environments.

Future work may benefit from incorporating richer tem-
poral, contextual, and location-aware features, as well as
dynamically learned representations of local discourse. De-
spite these limitations, our work demonstrates that refram-
ing predictive tasks around transferable behavioral signals
can yield more robust insights across platforms.
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