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Abstract

Numerous social movements (SMs) around the world help
support the UN’s Sustainable Development Goals (SDGs).
Understanding how key events shape SMs is key to the
achievement of the SDGs. We have developed SMART (So-
cial Media Analysis & Reasoning Tool) to track social move-
ments related to the SDGs. SMART was designed by a mul-
tidisciplinary team of Al researchers, journalists, commu-
nications scholars and legal experts. This paper describes
SMART’s transformer-based multivariate time series Dis-
course Evolution Engine for Predictions about Social Move-
ments (DEEP) to predict the volume of future articles/posts
and the emotions expressed. DEEP outputs probabilistic fore-
casts with uncertainty estimates, providing critical support for
editorial planning and strategic decision-making. We evaluate
DEEP with a case study of the #MeToo movement by creat-
ing a novel longitudinal dataset (433K Reddit posts and 121K
news articles) from September 2024 to June 2025, which is
publicly available for research purposes.

Datasets —
https://sites.northwestern.edu/nsail/projects/smart/

Introduction

Social movements (SMs) play an important role in
supporting the UN’s Sustainable Development Goals
(SDGs) (Salles et al. 2024). The #MeToo movement alone
has influenced the reporting of gender-related crimes (Levy
and Mattsson 2023) and health effects linked to sexual ha-
rassment (O’Neil et al. 2018). SMs involved with the fos-
sil fuel energy have had some success in the UK, Nether-
lands, and Poland (Hielscher, Wittmayer, and Danikowska
2022), and the rise of community choice movements in Cal-
ifornia (Smith 2019). In the Philippines, social movements
supporting the environment have helped reduce pollution by
companies (Magno 2017) and protect indigenous peoples’
rights (Theriault 2011). Even small progress supporting the
UN’s SDGs can have a significant impact on millions of peo-
ple, and SMs supportive of the SDGs attempt to do just that.

“These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Our Social Media Analysis and Reasoning Tool
(SMART)! tracks SMs that are supportive of the UN’s SDGs
and makes information about them available to journalists.
The 8 journalists when SMART/DEEP were started had four
requirements. (i) They wanted to know about SMs that were
rising in popularity in terms of volume (number of posts
mentioning the SM). (ii) For such SMs, they wanted to un-
derstand the sentiments and emotions expressed in those
posts and how they evolve over time. (iiii) They were inter-
ested in the relationship between key events (e.g., political
events such as elections) and these SMs. (iv) As journalists
want to publish articles on timely topics before other jour-
nalists do or the public broadly knows, they wanted to iden-
tify such SMs early. For these reasons, we designed our Dis-
course Evolution Engine for Predictions about Social Move-
ments (DEEP) to forecast volume and emotional intensity so
that journalists could look at forecasts about SMs of interest
(e.g., a journalist in the Philippines might care more about
SMss relating to fishing issues in her country than a journalist
in Paris). This way, a journalist can use the forecasts to hone
in on SMs that are much talked about, and write about them
early, before others do. This paper is not about SMART, but
it is discussed briefly for context.

The main contributions of this paper are as follows. (I) We
define the Discourse Evolution Prediction problem to predict
the volume of posts about a specific SM S, the sentiment
about S, and the emotional intensity of several emotions in
posts about S, A time units into the future. We then propose
the DEEP framework to solve this problem. (II) We describe
experiments that show how DEEP performs on data about
the #MeToo movement. DEEP achieves consistently higher
precision, recall, and F1 on news than on Reddit, reflecting
the clearer emotional signals in formal reporting. However,
while short-horizon forecasts are most reliable for news,
Reddit predictions improve with longer horizons, revealing
platform-specific dynamics that enable accurate near-term
detection in news and strong medium-term forecasting in
social media discussions. (l1l) We provide a #MeToo dataset

"https://buffett.northwestern.edu/research/
global-working- groups/ai-and-social-movements.
htmlhttps://buffett.northwestern.edu/research/global-working-
groups/SMART



consisting of 433,016 Reddit posts and 121,849 news arti-
cles from September 1, 2024 and June 28, 2025, along with
an analysis involving key events from the Sean “Diddy”
Combs case. The SMART/DEEP framework has been de-
veloped with consistent feedback from journalists, demon-
strated to over 20 journalists to gain feedback, including at
a small workshop in March 2025 to fine-tune the system?.
A list of the organizations involved is provided in the online
Appendix. We expect to make DEEP available to journal-
ists in early 2026. As such, this paper falls within IAAI’s
Emerging Applications Track.

DEEP Problem Formulation

We formalize the DEEP problem as follows. The discourse
state Sy at time ¢ is a vector S; = (Vy, Ey, T;) where: (i)
V; € R" represents the volume of posts/articles gathered
at time t, (i) E;, € R? denotes emotional intensity across
d = 28 emotional dimensions averaged across all posts at
time ¢, and (iii) T; € R™ represents the distribution over m
topics of interest (e.g., politics, sports, entertainment).

The Historical Trajectory H, is a sequence of discourse
states up to time t: H; = (S1,Sa, ..., St).

Key events IC; are discrete occurrences that the journal-
ist believes will significantly influence the dynamics of dis-
course about the phenomenon the journalist is interested in.
Formally, C; = k1, ko, . .., k, where k; = (¢;, t;, «;). Each
key event k; has a type €; € £ (from a predefined event tax-
onomy), occurrence time ¢;, and impact magnitude a; € R
(provided by a journalist).

The Discourse Evolution Engine Prediction (DEEP)
Problem is to estimate the future discourse state S, A given
the historical trajectory H; and key events 4, i.e. to find a
function f such that:

St+A = f(Ht7ICt:t+A7 0)7 (1)
where ICi.¢4 A represents key events the journalist expects

to happen within the prediction window A, and 6 denotes
model parameters learned from historical data.

Materials & Method

Our system uses a multi-stage pipeline that integrates data
collection, feature engineering, and transformer-based fore-
casting. Figure 1 presents an overview of our pipeline, illus-
trating the flow from raw data collection through feature ex-
traction to predictive modeling. We now discuss these mod-
ules in depth?.

Data Collection

We identify data about a social movement through a cor-
pus of content selected via keyword-based search and in-
formation retrieval processes that capture both explicit ref-
erences to the movement and semantically related discus-
sions. While our system is designed to support journalists

Zhttps://buffett.northwestern.edu/news/2025/empowering-
journalists-to-decode-social-movements-the-buffett- global-
working- group-behind-new-ai-system.html

3While the description focuses on the #MeToo movement as
the target SM, the methodology can be easily adapted to any social
movement.
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Layer Description Reddit News
Lo Direct #MeToo mentions 3,103 3,286
Documents containing >30%
Ly of top 1% co-occurring keywords 81,885 4,748
Documents containing >20%
L of top 1% co-occurring keywords 73,828 1,785
Documents containing >10% .
Ls of top 1% co-occurring keywords 274,200 112,030
Total Documents 433,016 121,849

Table 1: Summary of Multi-layer Data Extraction Results

predicting discourse evolution around specific social move-
ments, this abstraction makes it sufficiently general to sup-
port other applications reducible to similar search and re-
trieval structures, including topic-based forecasting and the-
matic content analysis. For the #MeToo movement, we ex-
tract data daily using the hashtag “#MeToo” alongside re-
lated search keywords identified by journalists (e.g., gender
equality, women’s voices, equal opportunities; the full list is
reported in the online Appendix).

The resulting comprehensive dataset consists of 433,016
Reddit posts and 121, 849 news articles collected between
September 1, 2024 and June 28, 2025. We now describe a
multi-layer data extraction methodology we developed that
captures both explicit mentions to the movement and related
discourse.

Layer Ly The first layer L¢ identifies documents that
explicitly reference the target social movement sm (i.e.,
sm =#MeToo). Documents in this layer either were ex-
tracted via the “#MeToo” keyword or contain it in their ti-
tle or body text. Layer Lg contains 3, 103 Reddit posts and
3,286 news articles.

Layers Li, Lo, ...,Ly To expand the dataset beyond
documents containing direct mentions of sm =#MeToo, we
implemented a systematic approach to identify semantically
related content. First, we extracted keywords and keyphrases
for each document using KeyBERT (Sharma and Li 2019)
and Amazon Comprehend*, respectively. We then selected
all keywords that co-occur with sm across our corpus and
computed their frequency distribution. From this distribu-
tion, we identified keywords falling within the 99th per-
centile of co-occurrence, creating a keyword set that cap-
tures the core vocabulary associated with sm. We progres-
sively relaxed thresholds to capture documents at varying
degrees of semantic relatedness to the movement: layers L,
Lo and L3 include documents containing at least 30%, 20%
and 10% of the high-salience keywords, respectively.

This tiered approach balances precision and recall, en-
abling the inclusion of documents that may not explic-
itly mention the target SM but contribute meaningfully to
the broader discourse surrounding the movement. Table 1
shows the number of Reddit posts and news articles retrieved
within each layer.

*https://aws.amazon.com/comprehend/
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Figure 1: Overview of DEEP. Data is collected from Reddit and News using hashtag and semantic keyword extraction.
Keyphrases determine document relevance to the input social movement. Feature extraction transforms text into structured
representations across volume, emotions, themes, and key events. A TimeSeriesTransformer processes historical discourse

through an encoder-decoder framework to generate probabilistic
quantification via Student-t distributions.

Feature Extraction

DEEP transforms raw social movement discourse into struc-
tured temporal features across three complementary dimen-
sions. Our feature extraction pipeline processes content from
news sources and Reddit to generate time-indexed feature
vectors that capture the evolving nature of social movement
discourse. The complete details and mathematical formula-
tion are provided in the online Appendix.

Volume Features (V;). We quantify discourse intensity
through platform-specific volume measurements that ac-
count for both content quantity and engagement patterns.
Each content item is weighted by relevance scores derived
from our multi-layer extraction methodology and engage-
ment metrics. Volume features include raw counts, temporal
derivatives (velocity and acceleration), and cross-platform
distribution indices to capture how discourse spreads across
news sources and Reddit channels.

Emotion Features (E;). We characterize the affective land-
scape using a 28-dimensional emotion space based on
the GoEmotions dataset (Demszky et al. 2020). Content-
level emotion intensities are computed using a fine-tuned
RoBERTa model’, then aggregated into weighted bin dis-
tributions across five intensity levels (Absent to Very High).
This captures both the dominant emotional themes and their
distributional patterns over time.

Thematic Features (T,). We capture the topical land-
scape through distance-based binning that leverages ex-
tracted keyphrases to quantify content alignment with pre-

>https://huggingface.co/SamLowe/roberta-base-go_emotions
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forecasts of future discourse states Sy with uncertainty

defined themes. Using a taxonomy of journalist-defined the-
matic categories (e.g., Gender Equality, Human Rights, Vi-
olence), we compute semantic distances between content
keyphrases and topic centroids using DistilBERT embed-
dings (Sanh et al. 2019), then discretize these distances into
six bins representing alignment levels.

Key Event Features (f;‘ ). To model external catalysts, we
incorporate journalist-identified events that may influence
discourse patterns. Events are categorized across thematic
dimensions and encoded with impact assessments relative
to social movement objectives, generating binary indicator
features for category-impact combinations.

Transformer-based Forecasting

DEEP leverages a time series transformer architecture (Wen
et al. 2023) to model the complex temporal dependencies in-
herent in social movement discourse evolution. Transform-
ers are particularly well-suited for this task as they can cap-
ture long-range dependencies and handle multivariate time
series with heterogeneous feature types. DEEP’s forecasting
component follows an encoder-decoder framework where
the encoder processes historical discourse trajectories over
L. context steps, and the decoder generates probabilistic
predictions for A future time steps. The input representation
at time ¢ integrates all discourse state components:

X; = [Vi; Ey; Ty £00 £ )

where V; € R" encodes volume features, E; € R? captures
emotional intensity distributions, T; € R" represents the-
matic distributions, f™ € R? includes temporal encodings



(day-of-week, month), and f:( ¥ ¢ RY*UZI+1) encodes key
event information from /C;.

To maintain computational efficiency while preserving
predictive information, we apply mutual information-based
feature selection to reduce dimensionality before feeding in-
puts to the transformer layers.

Social movement discourse exhibits both immediate reac-
tions and delayed cascading effects. To capture this multi-
scale behavior, we incorporate explicit lag sequences £ =
{1,2, 3} that provide the model direct access to recent his-
torical states.

Rather than point predictions, DEEP generates full prob-
ability distributions over future discourse states. We use
a Student-t output distribution parameterized by location
oA, scale oy A, and degrees of freedom /4 A. This sup-
ports journalists’ needs by providing both point forecasts
and confidence intervals, enabling more informed reporting
decisions when covering evolving social movements.

Experiments
Evaluation Metrics

We evaluate DEEP’s ability to produce accurate forecasts for
journalists by predicting directional changes in target vari-
ables (e.g., volume of articles Vs, or intensity of specific
emotions within E;s) over the §-day prediction horizon.
For each target variable Y}, we classify predictions into three
categories using a statistical significance framework:

Increase: Y5 > py + 20y 3)
Decrease: Y15 < py — 20y )
Stable: puy — 20y < Y;H-(S < uy + 20y, 5)

where 11y and oy represent the rolling mean and standard
deviation computed over a 28-day historical window. The
20 threshold corresponds to approximately 95% confidence
intervals, ensuring that predicted “significant” changes rep-
resent genuinely newsworthy developments rather than nor-
mal discourse fluctuation. Performance is measured using
standard classification metrics across the three-class predic-
tion task: accuracy, precision, recall and F1 scores, com-
puted both per-class and macro-averaged.

Implementation Details

The TimeSeriesTransformer was configured with parame-
ters chosen to balance journalists’ needs and computational
efficiency: (1) A 4-week historical window captures monthly
discourse patterns while providing sufficient context for de-
tecting emerging trends. (2) A 7-day prediction horizon
(A = 7 days) aligns with the weekly news cycle, enabling
journalists to plan coverage, allocate resources, and prepare
investigative pieces within standard editorial workflows. (3)
A dropout rate of 0.3 mitigates overfitting, while a batch
size of 2 accommodates the sequential nature of time-series
data. (4) A learning rate of 3 x 10~* with a weight decay
of 1 x 1075 supports stable convergence during training ac-
cording to our empirical results.

Key events KC; were extracted from a comprehensive pub-
lic source® covering the study period from September 2024

Shttps://www.onthisday.com
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to February 2025. Each event k; = (e;,t;, ;) was manu-
ally annotated by our team. The resulting annotated events
table will be provided as part of the dataset when this pa-
per is published. All experiments are conducted using three
NVIDIA RTX A6000 GPUs with 4GB VRAM each.

DEEP System Performance

Next-day Prediction Performance. Table 2 reports macro-
average metrics at A = 1 day for the three-way increase /
stable / decrease DEEP forecasting task on Reddit and news
sources.

DEEP performs markedly better on news than on Reddit.
Across emotions, precision varies from 0.829 on Reddit to
0.95 on news, recall from 0.786 to 0.916, F1 from 0.797 to
0.93, accuracy from 0.818 to 0.944, and AUC from 0.904 to
0.981. This gap likely reflects the more formal and topically
focused language of news articles compared to the noisier
and more informal expressions found on social media.
DEEP’s Performance varies by emotion but is generally
strong. Highly predictable emotions include Grief (FI1:
0.939 Reddit, 0.935 news) and Optimism (0.894, 0.964).
Others improve dramatically from Reddit to news: Joy
(0.779 to 0.961), Relief (0.804 to 0.957), and Amusement
(0.755 to 0.956). Some emotions Disapproval are almost
perfectly predicted on news (precision = 0.974, F1 = 0.948).
For some emotions, especially on Reddit, DEEP achieves
high precision but lower recall. For Nervousness, DEEP
achieves 0.920 precision but 0.738 recall on Reddit,
indicating reliable but conservative predictions. This high-
precision benefits journalists by minimizing false positives
that could lead to investigating trends that never develop.

One-Week Prediction Performance. We now examine
DEEP’s performance changes when A increases from 1 to
7 days. Figures 2a and 2b report precision trends for the
Increase and Decrease classes on Reddit, while Figures 2c
and 2d show the corresponding results for news.

Reddit benefits more from longer horizons than news. Red-
dit precision improves with increasing A for both Increase
and Decrease classes, suggesting emotional shifts are more
predictable over medium-term intervals.

News shows variable, emotion-specific horizon effects. For
Increase predictions, some emotions have high precision
(Admiration) while others improve (Approval, Sadness). For
Decrease predictions, results are mixed: Approval benefits
from longer horizons while Admiration declines, reflecting
rapid news cycle shifts in emotional framing.

Overall, our findings indicate that DEEP achieves high
precision on News even at short horizons, enabling jour-
nalists to act promptly on emerging narratives with con-
fidence. Short-term forecasts are less reliable on Reddit,
but predictability improves over longer horizons, making
multi-day predictions valuable early indicators of slower-
moving, community-driven trends. By leveraging both, jour-
nalists can combine immediate, trustworthy signals from
news with horizon-informed insights from social media, al-
lowing them to track and predict emotion shifts about SMs
such as #MeToo.



Target Precision@1 Recall@1 Fl@1 Accuracy@1 AUC@1
Reddit News Reddit News Reddit News Reddit News | Reddit News
Admiration 0.881 0.982 0.819 0.952 0.835 0.966 0.854 0.975 0.916 0.983
Amusement 0.786 0.968 0.749 0.946 0.755 0.956 0.765 0.964 0.885 0.989
Anger 0.801 0.954 0.759 0.929 0.768 0.940 0.776 0.954 0.887 0.989
Annoyance 0.843 0.954 0.818 0.947 0.823 0.951 0.826 0.964 0.917 0.996
Approval 0.701 0.778 0.664 0.776 0.670 0.774 0.680 0.783 0.834 0917
Caring 0.884 0.958 0.846 0.923 0.860 0.939 0.872 0.957 0.927 0.988
Confusion 0.858 0.968 0.815 0.934 0.830 0.950 0.854 0.975 0.951 0.988
Curiosity 0.779 0.901 0.742 0.871 0.755 0.883 0.754 0.886 0.902 0.970
Desire 0.830 0.981 0.765 0.929 0.786 0.951 0.819 0.975 0.900 0.992
Disappointment 0.813 0.961 0.794 0.877 0.794 0911 0.811 0.936 0.892 0.970
= Disapproval 0.876 0.974 0.817 0.929 0.833 0.948 0.872 0.964 0.944 0.992
S Disgust 0.802 0.976 0.725 0.907 0.736 0.936 0.783 0.961 0.869 0.984
5] Embarrassment 0.849 0.978 0.834 0.964 0.839 0.970 0.851 0.972 0.936 1.000
E Excitement 0.810 0.974 0.787 0.958 0.794 0.965 0.794 0.972 0.901 0.998
Fear 0.829 0.951 0.801 0.932 0.811 0.941 0.819 0.950 0.936 0.994
Gratitude 0.799 0.979 0.772 0.952 0.781 0.964 0.794 0.968 0.881 0.992
Grief 0.936 0.965 0.942 0.912 0.939 0.935 0.940 0.947 0.986 0.989
Joy 0.807 0.984 0.768 0.944 0.779 0.961 0.797 0.975 0.894 0.988
Love 0.836 0.995 0.774 0.972 0.793 0.983 0.811 0.993 0.881 0.982
Nervousness 0.853 0.962 0.840 0.845 0.843 0.884 0.861 0.947 0.916 0.987
Optimism 0.901 0.975 0.888 0.956 0.894 0.964 0.893 0.964 0.957 0.999
Pride 0.857 0.980 0.738 0.890 0.763 0.925 0.858 0.972 0.864 0.986
Realization 0.781 0.856 0.729 0.830 0.744 0.840 0.765 0.868 0.864 0.931
Relief 0.883 0.981 0.781 0.937 0.804 0.957 0.865 0.972 0.890 1.000
Remorse 0.854 0.972 0.764 0.954 0.786 0.962 0.829 0.964 0.904 0.988
Sadness 0.793 0.984 0.758 0.979 0.769 0.981 0.794 0.975 0.892 0.996
Surprise 0.772 0.962 0.732 0.964 0.741 0.963 0.765 0.968 0.854 0.992
Average | 0.8299.047 0.9500.057 | 0.7860.054 0.916¢.058 | 0.7970.052  0.9300.057 | 0.8180.051  0.944¢.057 | 0.904¢.033 0.981¢.027
Q
__g Raw 0.884 0.864 0.833 0.783 0.852 0.811 0.856 0.817 0.869 0.803
>° Velocity 0.656 0.799 0.597 0.779 0.612 0.788 0.612 0.791 0.756 0.811

Average ‘ 0.7700,114 0.8320,032 ‘ 0-7150.118 0.7810,002 ‘ 0.7320‘120 0.7990,012 ‘ 0.7340,122 0.804()‘013 ‘ 0.8130,021 0.8070,015

Table 2: Macro-averaged performance metrics (Precision, Recall, F1) and overall Accuracy and AUC across Reddit and News
sources. The final row shows the mean and standard deviation across all emotions.

Real-World Case Study

The allegations and legal proceedings involving Sean
“Diddy” Combs represent a high-profile intersection be-
tween celebrity culture and #MeToo’. The timeline spans
from Cassie Ventura’s initial lawsuit in November 2023,
alleging years of abuse and coerced participation in drug-
fueled “freak-offs”, through a cascade of lawsuits, the emer-
gence of video evidence, and Combs’ arrest on September
17, 2024. In the subsequent months, the trial brought for-
ward multiple testimonies, including Ventura’s detailed ac-
count on May 13, 2025, which described coercion, violence,
and psychological abuse. While the case ended with Combs
being cleared of the most serious charges of racketeering
and sex trafficking, he was convicted on two counts of trans-
portation to engage in prostitution.

For this brief illustrative case study, we selected two piv-
otal key events: (K Fp) September 17, 2024 (Combs’ ar-
rest) and (K F») May 13,2025 (Ventura’s testimony). These
events were chosen due to their potential to significantly al-
ter both the volume and emotional tone of public conversa-
tion, particularly on social media platforms.

Figure 3 shows the real and DEEP forecast trajectories
of two emotions (curiosity and confusion) in Reddit discus-
sions about #MeToo SM (other emotions are in the online
Appendix). DEEP used historical data up to each key event
(i.e., KFEy and K E») to predict the subsequent week’s emo-

Thttps://www.bbc.com/news/articles/c869qd5j09x0
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tional trends. Ground truth values for the post-event period
are plotted alongside predictions for comparison. Significant
directional changes in emotion levels during the forecast
windows are highlighted to emphasize shifts in discourse
following each event.

The results demonstrate DEEP’s ability to predict short-
term emotional shifts in response to high-impact develop-
ments. Both key events were followed by a notable increase
in Curiosity within the discourse. DEEP’s forecasts captured
these upward trends, even though the absolute predicted
values differed from the ground truth. From a journalist’s
perspective, correctly predicting the direction of change is
more important than matching exact magnitudes, as it sig-
nals whether public interest is likely to grow or wane in days
following a key event. Hence, DEEP’s provides timely, ac-
curate trend prediction for newsroom decision-making.

For confusion, a more nuanced pattern emerged. Follow-
ing the arrest on September 17, 2024, confusion levels de-
creased, potentially reflecting a perceived clarification of the
case’s trajectory with the formal filing of charges. In con-
trast, Ventura’s testimony on May 13, 2025 was followed by
a marked increase in confusion, likely tied to the emotion-
ally complex and contradictory narratives presented during
trial. In both cases, DEEP accurately predicted the direction
of change, underscoring its ability to model how the inter-
play of new evidence, legal framing, and public perception
shapes online emotional dynamics.
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Figure 2: Precision trends for forecasting emotional
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cision for Reddit, increase class; (b) Precision for Reddit,
decrease class; (c) Precision for News, increase class; (d)
Precision for News, decrease class.

Related Work

Prior research (Ng et al. 2023; Guo et al. 2024b; He et al.
2021) on forecasting social-media discourse has largely fo-
cused on predicting activity volume, often leveraging ex-
ogenous real-world event signals such as news, GDELT?,
or ACLED?, but rarely extending to sentiment or discrete
emotion forecasting, particularly in a multi-platform set-
ting involving Reddit and news sources. Examples include
ChatterNet (Dutta et al. 2020), which predicts subreddit
“chatter” volume by combining contemporaneous news-
derived features with Reddit activity, and the 7AP fam-
ily of models (Ng, Horawalavithana, and Iamnitchi 2021,
2022), which use LSTMs to forecast topic-specific daily
volumes over short horizons. Similar approaches on Twit-
ter (Yates, Joselow, and Goharian 2021) model news-driven
spikes and demonstrate the benefits of exogenous signals for
event-aligned bursts in volume. Work on affect dynamics
(Hamaker et al. 2015; Sener, Akpinar, and Ataman 2023;
Nguyen et al. 2012) constructs discrete emotion time series
and uses transformer-based topic modeling to explain shifts
(e.g., during Black Lives Matter (Guo et al. 2024a)), but
stops short of forecasting. Sentiment is often used as an in-
put feature (Saleiro and Soares 2016; Iamnitchi et al. 2023)
but predicting future sentiment has been rare. Across this lit-

8https://www.gdeltproject.org
*https://acleddata.com
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Figure 3: Case study on Sean “Diddy” Combs. The top
panel shows the temporal trends for Curiosity and the bot-
tom panel for Confusion. In both panels, the solid black line
represents the ground truth, while the dashed gray line corre-
sponds to DEEP’s forecast. Green and red markers indicate
significant increases and decreases in the forecast period, re-
spectively. Vertical lines denote the two key events: Combs’
arrest on September 17, 2024 (yellow) and Ventura’s court-
room testimony on May 13, 2025 (cyan).

erature, forecasting is dominated by RNN/GRU/LSTM ar-
chitectures, and transformer use is limited to topic model-
ing rather than temporal prediction. No prior work jointly
forecasts volume and discrete emotions across Reddit and
news in a coordinated, multi-output framework, a gap that
our DEEP framework addresses.

Conclusion

This paper presents the Discourse Evolution Engine for Pre-
dictions about Social Movements (DEEP) system that en-
ables journalists to forecast volume and emotional changes
in social movement discourse across Reddit and news
sources. Through experiments on #MeToo data, DEEP
achieves strong performance (e.g., F1 scores averaging
0.912 on news, 0.745 on Reddit for emotions classifica-
tion) with complementary predictive patterns: high precision
on news at short horizons and improved Reddit predictions
over longer horizons. While designed for social movements,
our keyword-based framework generalizes to other topic-
based forecasting applications. Developed through engage-
ment with over 20 journalists worldwide, DEEP addresses
the need to identify emerging trends before mainstream at-
tention, enabling journalists to anticipate discourse shifts
and make more informed editorial decisions.
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