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Abstract: Social media is an essential data source for risk perception of complex social events. However, existing early
warning methods mainly rely on popularity peaks, task-specific semantic labels, or observable propagation structures, often
ignoring propagation rhythm changes prior to a crisis. This paper proposes an unsupervised online framework for social
media crisis early warning. Aggregating heterogeneous behaviors into a unified intensity sequence, it detects anomalously
accelerated propagation phases relative to historical baselines through causal smoothing, rate-of-change extraction, rolling
quantile thresholds, persistence constraints, and cooling mechanisms. Compared to intensity-driven methods, it focuses on
“whether the system is accelerating toward a risk state” rather than “whether it has reached a high popularity state;” compared
to semantic- and structure-driven methods, it has weaker dependencies on annotations, ontologies, and complete propagation
graphs. Strict causal replay experiments on the Russia–Ukraine crisis Weibo dataset and the Douban Movie Short Comments
dataset demonstrate that the framework captures aggregative rising processes before key events early with low false alarm
interference, exhibiting structural reusability across scenarios. Results indicate that detecting propagation dynamics changes
offers a lightweight, interpretable, and transferable path for online early warning in complex systems.
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1 Introduction

Major social events are typically accompanied by the
rapid evolution of information diffusion, collective emotional
shifts, and social mobilization. With the proliferation of social
media platforms, large-scale user-generated data have provided
new possibilities for real-time observation of social system dy-
namics. Compared with traditional statistics or retrospective
reports, social media exhibits higher timeliness and broader
participation, thus becoming a vital data source for risk per-
ception and early warning (Imran et al., 2015; Gallotti et al.,
2020; Alam et al., 2021).

Existing social media-based event detection and early
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warning methods can generally be categorized into three types.
The first type comprises methods based on popularity and
temporal anomalies, which identify emergent events primarily
through sudden surges in keyword frequency, post volume, or
topic intensity. These methods are simple, efficient, and suit-
able for online deployment, but their core mechanism still relies
on detecting increases in signal intensity. Consequently, they
are more adept at identifying events that have already formed
significant peaks (Weng and Lee, 2011; Xie et al., 2016). The
second type includes methods based on content and seman-
tic understanding, which characterize “what users are talking
about” through topic modeling, sentiment analysis, and event
extraction. While highly interpretable, these methods typi-
cally rely on stable semantic patterns, labeled data, or domain
knowledge, and often face generalization challenges during the
early, sparse, and noisy stages of unexpected events (Lau et al.,
2012; Diao and Jiang, 2013; Parekh et al., 2024). The third
type focuses on propagation structures and network evolution,
modeling the information diffusion process through retweet
chains, reply trees, or graph structures. These methods closely
mirror social propagation mechanisms but typically require
relatively complete interaction graphs or propagation chains,



2 | ENGINEERING Inform Technol Electron Eng 2026 27(9):260120

thereby limiting their application in real-time early warning
scenarios (Ma J et al., 2017; Bian et al., 2020).

Although the aforementioned methods have made signif-
icant progress across the dimensions of heat, semantics, and
structure, most of them still treat “whether the current state
is abnormal” as their core detection objective. That is, they
focus on whether the system has already exhibited significant
popularity, clear semantic patterns, or abnormal propagation
structures. For early warning, however, the more critical ques-
tion is not “whether it is already abnormal now,” but “whether
the system is rapidly accelerating toward an abnormal state.”
In the initial stages of event formation, absolute popularity
has often not yet significantly increased, semantic patterns are
not yet stable, and propagation structures have not fully un-
folded. Thus, relying solely on state detection often fails to
capture the risk formation process in a timely manner. There-
fore, the key methodological gap addressed in this study is not
merely event detection after anomalies emerge, but the causal
online measurement of acceleration in propagation dynamics
before clear intensity, semantic, or structural peaks are fully
formed.

To address this limitation, this paper proposes an unsu-
pervised online framework for social media crisis early warning,
namely, social radar Doppler (SRD). This method shifts the
early warning task from traditional intensity monitoring to
the detection of changes in propagation dynamics, focusing on
identifying anomalously accelerated stages of social informa-
tion propagation relative to historical rhythms. Specifically,
under strict causal constraints, SRD aggregates heterogeneous
social behaviors into a unified social intensity sequence, sup-
presses high-frequency noise through causal smoothing, and
characterizes the dynamic features of the propagation process
with the rate of change. On this basis, combined with rolling
quantile thresholds, persistence constraints, and cooling mech-
anisms, it transforms continuous dynamic signals into stable
multi-level early warning outputs. Compared with existing
methods, SRD exhibits three main characteristics: first, it
does not rely on supervised labels, domain-specific rules, or
complete propagation graphs, thus achieving favorable cross-
scenario reusability; second, the entire computational process
strictly complies with causal online settings, eliminating future
information leakage; third, by focusing on relative changes in
propagation rhythms rather than absolute intensity levels, it
can identify early signals of potential risks before the formation
of popularity peaks.

The main contributions of this paper are summarized as
follows:

1. We propose an SRD framework for social media
crisis early warning, which formulates early warning as a
propagation-dynamics monitoring problem and provides a
causal online mechanism for identifying sustained acceleration
patterns in collective behavior.

2. We design a strictly causal, unsupervised online early
warning mechanism. Through causal smoothing, rolling quan-
tile thresholds, persistence constraints, and cooling mecha-
nisms, this mechanism achieves stable identification of anoma-
lously accelerated propagation phases and generates multi-level
early warning outputs.

3. The experimental results provide evidence of the frame-

work’s effectiveness and its potential reusability across different
propagation scenarios.

2 Related works

2.1 Heat- and temporal-anomaly-driven social
media analysis

Event detection based on popularity and temporal anoma-
lies constitutes one of the earliest systematic approaches in
social media analysis. These methods generally represent so-
cial media streams as time series of keyword frequency, post
volume, or topic intensity, to identify emergent events through
burst detection, anomaly detection, or sliding window statisti-
cal mechanisms. Representative works include a Twitter event
detection method based on wavelet transformations and graph
partitioning (Weng and Lee, 2011), as well as the TopicSketch
framework designed for real-time scenarios (Xie et al., 2016).
Subsequent research has also attempted to incorporate dis-
tributed semantic representations to alleviate the overreliance
on word frequencies inherent in traditional burst methods (Li
et al., 2025).

The primary advantage of this approach resides in its sim-
plicity, low deployment overhead, and high sensitivity to large-
scale unexpected events, making it particularly suitable for
platform-level monitoring and real-time early warning. How-
ever, its core criterion is still primarily derived from sudden
quantitative spikes, meaning that it is more adept at identify-
ing events that have already formed significant peaks. For evo-
lutionary processes with low initial popularity, low discussion
volume, and high risk, these methods are usually insufficiently
sensitive. Even with semantic enhancements or deep anomaly
detection methods (Gui et al., 2025), they mostly aim to en-
hance the stability of intensity anomaly detection, rather than
altering the fundamental paradigm of using peak formation as
the primary basis.

2.2 Content- and semantics-driven social media
analysis

For public opinion analysis driven by content and se-
mantic understanding, the core question is no longer “whether
the volume is increasing,” but “what users are actually dis-
cussing.” Relevant research includes online topic models for
tracking emerging events on Twitter (Lau et al., 2012), prob-
abilistic methods that jointly model topics, events, and users
(Diao and Jiang, 2013), and works that apply structured event
extraction to epidemic prediction (Parekh et al., 2024). Con-
currently, research in aspect-based sentiment analysis, Chi-
nese textual affective structure analysis (Xiong et al., 2025),
emotion recognition, multimodal semantic understanding, and
large language model (LLM)-aided event detection continues
to enhance the ability to characterize social media content
(Tang et al., 2024; Ma CB et al., 2025; Peng SC et al., 2025;
Qiu et al., 2025; Zhang et al., 2025).

The strength of the semantic approach lies in its high
interpretability, as it can reveal the topics, emotions, or event
semantics corresponding to risk signals. This makes it easier to
construct interpretable event profiles and incorporate domain
knowledge. However, such methods are highly dependent on
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labeled datasets, event ontologies, domain knowledge, or model
transferability. Short-text noise, cross-platform language dif-
ferences, and domain shifts can all affect their stability. More
importantly, these methods often focus on post-level or local-
ized event-level semantics, making it difficult to directly con-
struct continuous and dynamic early warning representations
across time and scenarios.

2.3 Propagation-structure- and network-
evolution-driven social media analysis

Propagation-structure- and network-evolution-driven
methods focus on how information propagates and how the
underlying interaction topology develops over time. Represen-
tative studies include propagation tree-based rumor detection
methods (Ma J et al., 2017), as well as bi-directional graph con-
volutional network (Bi-GCN), which jointly models top–down
and bottom–up propagation features (Bian et al., 2020). Fur-
ther research indicates that information cascade paths, topo-
logical structures, and temporal unfolding processes jointly
shape the macroscopic patterns of information propagation
(Zhou et al., 2021; Peng XY et al., 2025).

The advantage of these methods is that they better align
with real social diffusion mechanisms. For tasks such as rumor
identification, organized propagation, and abnormal diffusion,
structural patterns in propagation chains, reply trees, or in-
teraction graphs are often more discriminative than pure text
content. However, their limitations are notable: they typi-
cally rely on relatively complete interaction data, propagation
chains, or reply structures; moreover, the high computational
overhead of graph construction and model training limits their
direct deployment in large-scale online early warning. Espe-
cially in the early stages of an event, propagation structures
remain underdeveloped.

In summary, prior studies have developed three mature
paths for social media event analysis: popularity anomalies, se-
mantic understanding, and propagation structures. These lines
provide important foundations, while still leaving room for an
online-computable representation of propagation acceleration
that can operate before intensity, semantic, or structural sig-
nals become fully formed.

2.4 Social radar and dynamic situation awareness

Unlike event detection tailored for single tasks, social
radar research emphasizes organizing heterogeneous and con-
tinuously arriving social data into a dynamically updated ob-
servation stream for situational understanding, risk identifica-
tion, and decision support. This perspective can be traced
back to continuous observation and parallel execution in com-
plex social systems (Wang, 2007), and has been further de-
veloped in social radar workflows and open-source intelligence
studies (Lasswell, 1948; Schramm and Roberts, 1954; Mathieu
et al., 2012; Ramakrishnan et al., 2014). However, existing
social radar research mainly focuses on scenario construction,
workflow organization, and multi-source sensing. In contrast,
the present study focuses on a narrower methodological issue:
how to transform heterogeneous social behaviors into a causal,
online-computable dynamic indicator that characterizes devi-
ations in propagation rhythm.

3 Social radar Doppler framework

This section provides the formal definition of the SRD
framework. Distinct from traditional anomaly detection based
on intensity levels, SRD models early warning as a problem
of detecting changes in propagation dynamics. Its core lies in
identifying anomalously accelerated phases of social informa-
tion propagation relative to its historical rhythm. Under strict
causal settings, SRD maps heterogeneous social behaviors into
a set of online-computable dynamic variables and generates
stable early warning outputs through a multi-level threshold
mechanism.

3.1 Problem formulation and core definition

Let t = 1, 2, . . . , T denote the daily-scale time index. For
any given scenario, let S(t) be the social intensity sequence,
S̃(t) be its smoothed result, and v(t) be the corresponding
social velocity. The goal of SRD is to identify anomalously ac-
celerated phases during the propagation process online, relying
solely on current and historical observations.

The SRD indicator is defined as follows:

fd(t) =
v(t)

σrob + ε
, t = 2, 3, . . . , T, (1)

where σrob is the scene-level fixed robust scale estimated from
a short calibration window, and ε > 0 is a numerical stability
term. This indicator captures the normalized deviation of the
current rate of propagation change relative to the scenario’s
background fluctuation scale. Unlike intensity-based detection,
the core criterion of SRD is not whether the system is already
anomalous, but whether a dynamic deviation occurs in the
propagation process.

3.2 Social signal construction

To unify discrete, heterogeneous, and dimensionally var-
ied social media behaviors into a one-dimensional (1D) in-
put that can be processed online, this paper first aggregates
scenario-related observations by natural days. Let xj(t) be the
value of the jth raw behavioral feature on day t, such as content
production, interactive diffusion, and participation scale. Af-
ter feature transformation and linear weighting, the raw social
intensity is defined as

Araw(t) =
d∑

j=1

wj φj

(
xj(t)

)
, (2)

where φj(·) is the feature transformation function, wj is the
corresponding weight, and d is the feature dimension. For
count-based variables, φj(·) typically takes log(1 + x) to miti-
gate the effects of long-tail distributions and extreme values.

Because this paper focuses on strict online early warning
settings, social intensity does not use global normalization over
the entire time range, but rather causal rolling normalization.
Given a normalization window length Wnorm, the normalized
historical window at time t is defined as

J (t) = {max(1, t−Wnorm+1), . . . , t}, t = 1, 2, . . . , T. (3)

Based on this, the rolling minimum and rolling maximum are



4 | ENGINEERING Inform Technol Electron Eng 2026 27(9):260120

respectively defined as

Amin(t) = min
τ∈J (t)

Araw(τ), (4)

Amax(t) = max
τ∈J (t)

Araw(τ). (5)

Thus, the social intensity is defined as

S(t) = 100 · Araw(t)−Amin(t)

Amax(t)−Amin(t) + εnorm
, t = 1, 2, . . . , T,

(6)
where εnorm > 0 is a numerical stability term. Therefore,
S(t) ∈ [0, 100]. This normalization approach serves two pur-
poses. First, it strictly restricts the intensity calculation at
each moment to depend only on current and historical obser-
vations, thereby avoiding future information leakage. Second,
it allows the intensity representation to adaptively update ac-
cording to the scenario’s recent historical range, preventing its
scale from being fixed by distant extreme values within the en-
tire observation period. The resulting S(t) is no longer a simple
superposition of raw behaviors, but a dynamically normalized
social intensity sequence relative to the recent background,
serving as input for subsequent causal smoothing and social
velocity calculations.

It should be noted that the primary differences between
scenarios do not lie in the dynamic structure of SRD itself, but
mainly in the feature composition and weight configuration of
Araw(t). In other words, what SRD reuses is the unified dy-
namic calculation framework—from intensity to velocity and
finally to the Doppler-inspired indicator—rather than assum-
ing that all scenarios share identical raw input semantics.

3.3 Causal smoothing and social velocity

Although S(t) obtained from Eq. (6) is uniformly mapped
to a fixed interval, it still contains high-frequency distur-
bances such as platform diurnal rhythms, overall traffic fluctua-
tions, and collection noise. Performing differencing directly on
S(t) makes the sequence overly sensitive to single-day spikes,
thereby affecting the characterization of short- to medium-
term propagation trends. Therefore, before constructing dy-
namic variables, causal smoothing is applied to the intensity
sequence.

We first define the smoothed intensity sequence and de-
rived dynamic variables used in SRD. Let S̃(t) denote the
causally smoothed version of S(t) obtained via exponential
moving average (EMA). Let v(t) denote the first-order tempo-
ral difference of S̃(t), referred to as the social velocity. Finally,
let C denote the calibration window used for robust scale esti-
mation, which contains only the initial warm-up observations
and is excluded from evaluation.

This paper employs EMA to smooth S(t). Let the
smoothing window span be τEMA. Then, the smoothing co-
efficient is

αEMA =
2

τEMA + 1
, (7)

and the corresponding causal recursive form is

S̃(t) = αEMAS(t) + (1− αEMA)S̃(t− 1), t ≥ 2, (8)

with the initial value S̃(1) = S(1). Since this recursion relies
solely on current and historical observations, it satisfies the
strict online setting.

Based on the smoothed intensity S̃(t), social velocity is
defined as the first-order difference:

v(t) = S̃(t)− S̃(t− 1), t = 2, 3, . . . , T, (9)

with v(1) = 0.
Consequently, SRD transforms the raw intensity sequence

into a dynamic metric describing its temporal rate of change.
Compared to S(t), which describes the current level, v(t) di-
rectly reflects the changing trend of the propagation process:
a positive value indicates rising intensity, and a negative value
indicates falling intensity. Therefore, subsequent warning judg-
ments rely not on the intensity level itself, but on the ab-
normal deviation of this change rate relative to background
fluctuations.

3.4 Scene-level robust scaling and social Doppler
indicator

After obtaining the social velocity v(t), a key issue is
how to scale it so that propagation rates of change across
different scenarios are comparable. Because the magnitude of
background fluctuations in social media sequences can vary
significantly between scenarios, the same raw rate of change
does not correspond to the same degree of anomaly. Therefore,
to enhance robustness (Liu YS et al., 2024), instead of using
a fixed scale shared across all scenarios, SRD introduces a
scene-level robust scale to normalize propagation velocity.

Given the predefined calibration window C at the begin-
ning of each scenario, which is solely used to estimate the
background fluctuation scale, let the median of the velocity
sequence within this window be

mv = median{v(t) : t ∈ C}. (10)

The robust scale is defined using the median absolute deviation
(MAD):

σrob = 1.4826 ·median
{∣∣v(t)−mv

∣∣ : t ∈ C
}
. (11)

Here, the coefficient 1.4826 makes MAD comparable to the
standard deviation under Gaussian assumptions, while pre-
serving its robustness to outliers and short-term spikes.

Unlike online scale estimation based on rolling windows,
SRD determines σrob once during the calibration phase and
keeps it fixed during subsequent detection processes. This de-
sign ensures that propagation rates of change in subsequent pe-
riods are always measured against the same background scale,
avoiding threshold drift issues caused by rolling statistics being
elevated as the event develops.

With the scene-level robust scale σrob defined in Eq. (11),
the SRD indicator is obtained using Eq. (1).

Thus, fd(t) no longer represents absolute change rates,
but rather the normalized deviation of the current propaga-
tion velocity relative to the background fluctuation scale. A
larger value indicates a more significant acceleration of the
propagation process relative to its normal rhythm. Compared
to traditional detection methods based on intensity or un-
normalized rates of change, this scaling treatment allows early
warning judgments to focus on relative acceleration rather than
absolute magnitude. Here, the term “Doppler” is used as an in-
terpretive analogy rather than a literal physical frequency-shift
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model. Just as the Doppler effect perceives velocity changes
via frequency shift, the proposed indicator perceives propaga-
tion acceleration via the normalized rate of change in social
intensity.

3.5 Quantile-based multi-level early warning

After calculating the social Doppler indicator fd(t) and
social velocity v(t), SRD converts continuous dynamic signals
into discrete online early warning decisions. This process in-
volves three steps: dynamic threshold construction, candidate
warning generation, and temporal consistency constraints.

To adapt to the non-stationary nature of social media
sequences, SRD does not use fixed thresholds but constructs
dynamic thresholds based on recent historical statistics. Given
a rolling window length W , the causal window at time t is
defined as

I(t) = {max(t0, t−W + 1), . . . , t}, t = t0, t1, . . . , T, (12)

where t0 is the starting time of formal detection. Let the
empirical quantile operator be

Qp,W [x](t) = Quantilep

(
{x(τ)}τ∈I(t)

)
, (13)

where Quantilep(·) represents the empirical pth quantile. For
each warning level k ∈ {1, 2, 3}, let its corresponding quantile
level for fd(t) be p(k), and that for v(t) be q(k); the dynamic
thresholds are then defined as

θ
(k)
f (t) = Qp(k),W [fd](t), θ(k)v (t) = Qq(k),W [v](t). (14)

This quantile threshold updates dynamically based on local his-
tory, ensuring that early warning judgments are always made
relative to the current background distribution, thereby main-
taining stability in non-stationary environments.

Based on this, SRD employs a dual-threshold mechanism
to generate candidate warning levels �(0)(t) ∈ {0, 1, 2, 3}:{
Ck(t) := [fd(t) > θ

(k)
f (t)] ∧ [v(t) > θ

(k)
v (t)], k ∈ {1, 2, 3},

�(0)(t) = max({k ∈ {1, 2, 3} : Ck(t)} ∪ {0}).
(15)

This design requires both the scaled deviation fd(t) and the raw
rate of change v(t) to exceed their respective thresholds, focus-
ing the warning on phases that possess both a significant up-
ward trend and anomalous acceleration. Compared to single-
sequence thresholds, this dual constraint effectively suppresses
false triggers caused by isolated spikes or scale amplification.

The multi-level thresholds correspond to warning signals
of varying intensities, where L1/L2/L3 indicate weak, mod-
erate, and strong acceleration phases, respectively. To en-
hance warning stability, SRD applies temporal consistency
constraints to the candidate sequence, including persistence
filtering and cooling mechanisms.

First, a minimum duration length m is introduced. For
any continuous non-zero interval [a, b], if b − a + 1 < m, such
intervals are treated as short-term noise and eliminated, re-
sulting in the persistence-filtered sequence �(1)(t).

Next, a cooling window c is introduced to prevent the
same propagation process from being repeatedly triggered. Let

t∗(t) = max{τ < t : �(τ) > 0}. (16)

The final warning is then defined as

�(t) = �(1)(t) · I(t− t∗(t) > c
)
, t = t0, t1, . . . , T. (17)

This mechanism consolidates continuous trigger signals into a
finite number of stable warning intervals, reducing repetitive
alarms on the timeline. Finally, the final level �(t) is mapped
into three warning indicator sequences:

αLk (t) = I
(
�(t) = k

)
, k ∈ {1, 2, 3}. (18)

Thus, under strict causal settings, SRD realizes a complete
online modeling workflow from continuous dynamic metrics to
a stable multi-level warning output.

To further clarify the methodological distinction between
representative early warning baselines and the proposed frame-
work, Table 1 summarizes their respective detection philoso-
phies. While the cumulative sum (CUSUM) and early aber-
ration reporting system (EARS) can both capture dynamic
changes to some extent, their core mathematical mechanisms
differ fundamentally from SRD. Specifically, although CUSUM
implicitly captures trend changes by accumulating state de-
viations, this cumulative-sum approach may exhibit delayed
responses to emerging changes when substantial accumulation
is required before threshold crossing. Similarly, while EARS
is a rate-based method sensitive to recent incidence surges,
it primarily responds to first-order rate spikes (i.e., abrupt
increases in current activity levels). In contrast, SRD ex-
plicitly targets sustained acceleration dynamics. Rather than
emphasizing isolated rate spikes or delayed cumulative shifts,
SRD’s Doppler-inspired indicator fd(t) is specifically designed
to identify and track temporally consistent acceleration pat-
terns in collective behavior. Consequently, the three methods
differ not only in their triggering mechanisms but also in the
behavioral signals they are intended to capture.

Table 1 Comparison of detection philosophies

Method Detection philosophy Primary monitoring variable

CUSUM Cumulative deviation
detection

Activity deviation from the
baseline

EARS Abrupt anomaly
detection

Observed activity level

SRD (ours) Sustained acceleration
detection

f d(t)

4 Datasets

To validate the effectiveness and transferability of the
proposed method across different propagation scenarios, this
paper selects two social media datasets with distinct differ-
ences: one is a sudden-event-driven crisis scenario dataset and
the other is a non-crisis cultural consumption dataset. All
analyses are conducted based on time series aggregated at the
natural-day granularity and only use anonymized population-
level statistical information.

4.1 RUW: Russia–Ukraine crisis Weibo dataset

The main experiment of this paper is based on the
Russia–Ukraine crisis Weibo dataset (RUW) released by Fung
and Ji (2022). This dataset collects public discussion data
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on the Weibo platform surrounding the 2022 Russia–Ukraine
conflict, including main posts, comments, timestamps, and in-
teraction information using focused crawling strategies (Liu
JF et al., 2025). Data collection began in late February 2022
and retroactively covered historical records for approximately
three months before the outbreak of the conflict. According to
the original data description, the first version of the dataset
contains 27 341 main posts, over 3.5 million comments, and
107 797 unique users.

In this paper, we aggregate the original records by nat-
ural days based on Beijing Time (UTC+8) to construct daily
time series. Specifically, the following three types of basic
behavioral signals are extracted: content publication volume,
which is the number of main posts published daily; interaction
diffusion volume, which is the total count of user interactions
(such as comments and reposts) that occurred on that day,
counted by the actual time of occurrence; participating user
scale, which is the number of unique users who authored main
posts that day. These multi-dimensional behavioral signals are
uniformly represented as daily sequences and serve as inputs for
the subsequent construction of social intensity (see Section 3).
This paper does not model individual users; all analyses are
conducted purely at the aggregate statistical level.

As the primary experimental scenario, the RUW evaluates
the method’s performance on event-level early warning tasks.

4.2 Douban Movie Short Comments dataset
(cross-scenario validation)

To further evaluate the method’s applicability in non-
crisis scenarios, this paper selects the Douban Movie Short
Comments (DMSC) dataset (Utmhikari, 2019; Chung-I, 2020)
for cross-scenario validation. This dataset contains over 2.1
million short comments for 28 movies, with 1–5 star ratings.
Since different movies vary significantly in genre, audience,
and release cycles, directly mixing them might introduce con-
founding factors. Therefore, this paper adopts a single-movie
observation strategy, specifically selecting Avengers: Age of
Ultron as a representative case to build a time-series subset.

This subset contains 54 153 comments from 50 650 unique
users between Apr. 4, 2015 and Jan. 22, 2017. Aggregated by
natural day, the time span covers 660 days (659 with records).

In this scenario, three daily observational signals are con-
structed: comment publication volume (new comments daily),
participating user scale (unique users daily), and rating statis-
tics (aggregate indicators like average rating).

Although this dataset differs from RUW in feature com-
position, both are ultimately mapped into a unified 1D social
intensity sequence. The proposed method relies only on the
temporal variation of this aggregated intensity, maintaining
independence from specific input feature semantics.

Because the Douban scenario lacks multiple discrete sud-
den events, this paper avoids the event set evaluation approach.
Instead, the movie’s release date (Apr. 22, 2015) serves as a
retrospective time anchor to analyze the temporal relationship
between warning signals and the propagation launch phase.
This dataset primarily validates the method’s generalization
under different propagation structures, rather than replacing
the event-level evaluation in the RUW scenario.

5 Experimental design

This section details the evaluation protocol and statistical
criteria of SRD under unified causal online settings. To en-
sure comparability among different methods, this paper stan-
dardizes the data replay approach, event definitions, warning
matching rules, quiet day construction, baseline methods and
parameter settings, and evaluation metrics. Unless otherwise
specified, all experimental results are obtained under strict
online replay conditions without using future information.

5.1 Causal online replay protocol

This paper employs a strict causal online replay method to
evaluate all methods. Assuming that the input is a daily time
series, the replay process advances step by step by natural days.
At any time t, methods are only allowed to use observation
data up to t and their causally derived variables to calculate
statistics, thresholds, and warning states. Using any future
information is strictly prohibited.

Each method outputs a series of warning intervals along
the timeline, represented as A = {[ai, bi]}Ai=1, where A is the
total number of warning periods, and [ai, bi] denotes the start
and end of the ith warning period. To reduce triggers from
short-term fluctuations and avoid double-counting the same
risk process, this paper applies consistent post-processing rules
to all methods: a minimum duration constraint, where only
warning intervals lasting no less than 2 days are retained, and a
cooling mechanism, where after a warning period ends, a 2-day
cooling period is introduced, during which no new warnings are
permitted to trigger.

This unified processing ensures a consistent statistical cri-
terion across different methods at the warning output level,
thereby ensuring that performance differences primarily reflect
the detection mechanisms themselves rather than discrepancies
in post-processing strategies.

5.2 Event anchor construction

In the RUW scenario, evaluation is based on a set of event
anchors. First, the original date is obtained according to the
event timeline and sorted chronologically. To prevent high-
density events from being double-counted, a chain merging
strategy is adopted: if the interval between two adjacent event
dates does not exceed 10 days, they are grouped into the same
event cluster.

After merging, the event set is obtained: E =

{e1, e2, . . . , eE}, where each event cluster uses the earliest date
De as the representative time point. Under this setting, the
RUW scenario yields E = 7 events.

For the Douban Movie scenario, since it does not con-
tain multiple discrete sudden events, this paper does not use
the event set evaluation approach. Instead, the movie’s re-
lease date is used as a retrospective anchor to analyze the
temporal relationship between warning signals and the propa-
gation launch.

5.3 Event-warning matching rules

To evaluate whether a warning provides effective ad-
vance notification before an event occurs, this paper defines
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a maximum lead window Lmax for each event. A warning is
considered a valid candidate for event e only if the warning
start point ai satisfies

ai ∈ [De − Lmax, De). (19)

We uniformly set Lmax = 30 days, meaning that only warnings
triggered within 30 days prior to the event are considered valid
candidates. Warnings occurring on the day of the event or
later are not counted as early warnings.

A greedy one-to-one matching strategy is applied to the
candidate set: each event can be matched with at most one
warning period, and each warning period can be matched with
at most one event. For each event, the warning start point
closest to the event time is selected:

a∗ = max{ai : ai ∈ [De − Lmax, De)}. (20)

If no warning meets the condition, the event is marked as a
miss. For successfully matched events, the lead time (LT) is
defined as

LT(e) = De − a∗, LT(e) ∈ {1, 2, . . . , Lmax}. (21)

This matching mechanism ensures that a single warning inter-
val is not repeatedly used for multiple events, nor are multiple
warnings attributed to the same event repeatedly.

5.4 Quiet days and false alarm metrics

Besides event hit capability, the stability of warning meth-
ods during non-event periods is equally important. To this end,
this paper constructs a set of quiet days Q in the RUW sce-
nario. Specifically, extend 3 weeks at both ends of the original
time series to increase non-event samples; for each event anchor
De, exclude its lead window:

[De − Lmax, De). (22)

Under our setting, the number of quiet days is Nquiet = 33.
The false alarm coverage days are defined as

Nfa_day =
∑
t∈Q

I
(∃i : t ∈ [ai, bi]

)
. (23)

Thus, the false alarm rate (FAR) is estimated as

F̂AR =
Nfa_day

Nquiet
. (24)

Simultaneously, to characterize the frequency of false alarms,
this paper introduces the average run length (ARL):

ARL0 ≈ 1

FAR
, (25)

where ARL0 denotes the ARL under the in-control (quiet-day)
state.

When zero false alarms are observed, the rule-of-three is
applied to provide a 95% upper confidence limit:

FAR95%
U ≈ 3

Nquiet
, ARL95%

0,L ≈ Nquiet

3
, (26)

where FAR95%
U is the 95% upper confidence bound for FAR,

whereas ARL95%
0,L is the 95% lower confidence bound for in-

control ARL.
This statistical treatment prevents overly optimistic in-

terpretation of zero false alarm results.

5.5 Baselines and parameter settings

This paper compares the proposed SRD method with
several classic statistical warning methods, including standard
score (Z-score), EARS (C2+C3), and CUSUM. All methods
are evaluated using the same daily input data, a unified causal
online replay protocol, and consistent warning post-processing
rules, ensuring fairness and comparability of the results. For
the SRD method, a pre-calibration window is first set at the
beginning of the sequence to estimate the scene-level robust
scale (the first 15 days for RUW and the first 14 days for
Douban Movie); this phase is excluded from formal evalua-
tion. During formal detection, two sets of rolling window
lengths W ∈ {15, 30} are used to construct quantile thresholds
to examine warning performance under different historical re-
ceptive windows. The causal smoothing parameter is uniformly
set to τEMA = 7. In addition, all methods share identical post-
processing parameters for warnings: a minimum duration of 2
days and a cooling period of 2 days. Through these standard-
ized configurations, performance differences among methods
reflect the warning mechanisms themselves, rather than differ-
ences in experimental settings.

5.6 Evaluation metrics

Let the total number of events be E, the total number of
warning periods be A, and the number of successfully matched
events and warning periods be denoted as TPevents and TPalerts

respectively, with both being equal. Thus, event recall, warn-
ing precision, and the F1 score are defined as

Recall =
TPevents

E
, Precision =

TPalerts

A
, (27)

F1 =
2 · Recall · Precision
Recall + Precision

. (28)

For all successfully matched events, this paper further
reports the median and interquartile range of the lead time
LT(e) to characterize the earliness of warnings in typical cases
and their dispersion. Let Ematched denote the set of successfully
matched events. Meanwhile, we report

R7d =
1

TPevents

∑
e∈Ematched

I
(
LT(e) ≤ 7

)
, (29)

which is the proportion of matched events with a lead time of
no more than 7.

Regarding robustness on quiet days, this paper reports
the false alarm rate F̂AR and the derived ARL0. Here, F̂AR

measures the proportion of non-event periods erroneously cov-
ered by warnings, and ARL0 characterizes the average interval
between two false alarms under control conditions.

For proportional indicators, this paper uniformly reports
Wilson 95% confidence intervals. Specifically, the sample size
for Recall is E, for Precision is A, for R7d is TPevents, and
for FAR is Nquiet. These settings enable comparison of the
statistical uncertainty of various proportional metrics within a
unified framework.

6 Results

This section reports the experimental results of SRD un-
der the unified causal online replay protocol defined in Sec-
tion 5. It first presents the core comparative results in the
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RUW main experiment, then analyzes the warning behavior
of the main configuration via timeline results, and finally fur-
ther examines the method’s cross-scenario applicability in the
Douban Movie scenario. Unless otherwise specified, all results
employ scene-level robust scale estimation, and the calibration
window is excluded from the formal evaluation.

6.1 Main experimental results on RUW

The event anchors in the RUW scenario result in E =

7 events after 10-day chain merging. Event-level evaluation
uses a one-to-one “one event, one warning” matching strategy,
with the pairing window defined as [De − Lmax, De), where
Lmax = 30. All methods are run under identical daily inputs,
the same causal online replay protocol, and consistent warning
post-processing rules. Quiet days are constructed according to
the criteria described in Section 5, using FAR to measure false
alarm coverage.

Table 2 presents the core results in the RUW main ex-
periment. Overall, SRD (W =15) achieved the most balanced
performance across event coverage, warning accuracy, and false
alarm control, with the highest F1 = 0.615, alongside a Re-
call of 0.571 and Precision of 0.667. This result indicates that
under the current evaluation parameters, SRD (W =15) can
successfully detect key events while maintaining good warning
period accuracy.

Table 2 Core evaluation results in the RUW scenario

Method Recall Precision F1 LTmed FAR

SRD (W=15) 0.571 0.667 0.615 12.5 0.0000
SRD (W=30) 0.286 0.667 0.400 13.0 0.0000
Z-Score (W=15) 0.429 0.600 0.500 12.0 1.0000
EARS (W=15, C2+C3) 0.714 0.417 0.526 7.0 0.0667
CUSUM (W=15) 0.143 1.000 0.250 14.0 0.0556

Recall is the event hit rate, Precision is the positive predictive value
(PPV) of warning periods, and LT is the lead time (days) with the
subscript “med” denoting median. The best results are in bold

The differences in results under various window lengths
reflect the temporal structural characteristics of the RUW sce-
nario. Compared to SRD (W =15), SRD (W =30) maintains
the same Precision but experiences a drop in Recall from 0.571
to 0.286, and a drop in F1 from 0.615 to 0.400. For sequences
like RUW, characterized by phased rapid increases, a shorter
rolling window better captures structural acceleration changes
prior to events. With a longer window, local anomalies are
more easily smoothed into the broader historical background,
thereby reducing the probability of continuous threshold cross-
ings and successful detections.

Baseline methods show different trade-offs. EARS
achieves the highest Recall (0.714), but its Precision is only
0.417, indicating that its higher event coverage costs more un-
matched warning periods. CUSUM maintains a Precision of
1.000, but its Recall is only 0.143, reflecting highly conser-
vative triggering. Although Z-Score detects some events, its
FAR (1.0000) implies that non-event intervals are almost en-
tirely covered by false triggers. In contrast, SRD (W =15)
achieves a superior overall balance in the main experiment.

It should be noted that the aforementioned baseline meth-
ods primarily rely on absolute intensity levels or unnormalized
variations for detection. Their core criterion remains whether

the current state is already anomalous, rather than whether
it is accelerating toward an anomalous state. Consequently,
during the early stages before a significant peak forms, these
methods are more prone to trigger delays or oversensitivity to
short-term fluctuations. By incorporating dynamic variation
and relative scale normalization, SRD ensures that warning
judgments correspond more directly to structural acceleration
phases within the propagation process.

In terms of quiet day robustness, both SRD (W =15)
and SRD (W =30) exhibit an FAR of 0.0000. According to
the statistical criteria in Section 5, when Nquiet = 33, the
95% upper confidence bound for FAR provided by the rule-of-
three is FAR95%

U ≤ 0.091, and the corresponding ARL95%
0,L lower

bound is 11. Combining this with its Recall performance, it
is evident that SRD’s low false alarm rate does not merely
rely on high thresholds to suppress triggers. Instead, while
maintaining a certain level of event coverage, it effectively
reduces the warning burden during non-event periods through
selective responses to propagation acceleration phases.

Fig. 1 illustrates the timeline results of SRD (W =15) in
the RUW scenario. It can be observed that warning triggers
are primarily concentrated in phases where fd continuously
rises and crosses the rolling quantile thresholds, with several
warning intervals located before the event anchors. During
these intervals, the intensity level has not yet reached its peak,
but the rate of propagation change has already shown a signifi-
cant uplift. This indicates that what SRD captures is not static
intensity anomalies, but the propagation acceleration process
prior to event formation. This phenomenon is consistent with
the method’s dynamic modeling objective.

Simultaneously, the Recall of 0.571 for SRD (W =15) in-
dicates that some events remain undetected. A retrospective
observation of the time series for these missed events reveals
that their propagation processes resemble gradual accumula-
tion rather than phased acceleration, lacking obvious local
surges in the rate of change. This presents a structural mis-
match with SRD’s trigger mechanism. Therefore, these missed
cases to some extent reflect the method’s applicability bound-
aries rather than pure detection failures.

6.2 Cross-scenario validation on Douban Movie

To examine whether SRD can transcend crisis contexts
and apply to more general social propagation processes, this
paper further conducts cross-scenario validation in the Douban
Movie scenario. This scenario does not contain a multi-event
crisis sequence such as RUW, so this paper uses the release date
of Avengers: Age of Ultron (Apr. 22, 2015) as a retrospective
anchor to examine the correspondence between warning time-
lines and propagation launch stages.

Fig. 2 presents the timeline results for the movie scenario,
demonstrating that SRD generates a warning response before
the release date, with the most recent valid warning occurring
5 days in advance. This result indicates that the method is
not dependent on crisis contexts themselves, but can respond
to anomalous accelerations in social propagation processes rel-
ative to background rhythms.

Meanwhile, compared to the RUW scenario, the num-
ber of warning periods in the movie discussion sequence
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significantly increases. This indicates that in cultural con-
sumption scenarios characterized by multi-wave diffusion and
stronger background fluctuations, propagation acceleration sig-
nals may be more frequent, resulting in higher alarm density.
Thus, the output of SRD reflects not only potential risks but
also the inherent vitality of propagation dynamics.

It must be emphasized that these cross-scenario results
provide supplementary evidence regarding the method’s trans-
ferability, rather than an event-level evaluation equivalent to
the RUW scenario. Because only one movie is used in the
Douban validation, this experiment should be regarded as il-
lustrative rather than statistically conclusive. The Douban
Movie experiment demonstrates that the dynamic anomalies
characterized by SRD are not confined to sudden crisis con-
texts; however, its statistical performance in different scenarios

remains subject to background fluctuation structures and task
definitions, which warrants further validation in more system-
atic, multi-object evaluations.

7 Discussion

The RUW main experimental results indicate that SRD’s
effectiveness does not primarily stem from direct responses to
intensity levels, but from characterizing the relative acceler-
ation phases of the propagation process. Unlike statistical
detection methods based on absolute level deviations, the con-
structed Doppler indicator fd describes the normalized devi-
ation of the propagation change rate relative to background
fluctuations, and judgements are made using causal rolling
quantile thresholds referenced against local history. This shifts
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the focus of warning triggers toward whether the propagation
rhythm exhibits structural deviation, rather than whether the
current level has already reached an anomalous state. Results
show that this mechanism can identify key acceleration phases
prior to event formation, thereby achieving a relatively bal-
anced performance across event coverage, warning lead time,
and false alarm control.

From a broader modeling perspective, this result high-
lights a critical distinction: existing methods predominantly
use “whether the current state is anomalous” as their core cri-
terion, whereas in early warning scenarios, the more crucial
question is “whether the system is deviating from its conven-
tional evolutionary trajectory.” SRD’s performance demon-
strates that modeling early warning as a propagation dynamics
change detection problem helps secure practically meaningful
early response capabilities while maintaining low false alarm
interference.

Unlike CUSUM, which relies on accumulated deviations
from a reference state, and EARS, which primarily reacts to
abrupt increases in observed activity, SRD is designed to cap-
ture temporally consistent acceleration patterns in collective
behavioral dynamics. This distinction in detection philoso-
phy may contribute to the earlier warning tendencies observed
across multiple evaluation scenarios. By emphasizing sustained
acceleration rather than isolated spikes or cumulative level
shifts, SRD is able to respond to emerging propagation dynam-
ics before large-scale activity surges become fully observable.

The impact of window length on the results further un-
covers the temporal structural characteristics of the RUW sce-
nario. Compared to SRD (W = 30), SRD (W = 15) performs
better in Recall and F1 while maintaining a stable Precision,
suggesting that early signals in this scenario are closer to local-
ized phased accelerations rather than long-term trend drifts.
A shorter window preserves the contrast between localized
changes and historical background, whereas a longer window
more easily absorbs short-term acceleration segments into the
overall distribution, thereby weakening the persistence of trig-
gering conditions.

Furthermore, the results indicate that SRD is not equally
sensitive to all types of event evolution processes. Its effective-
ness relies heavily on specific propagation characteristics: first,
the presence of identifiable local acceleration phases; second, a
significant deviation of this acceleration relative to background
fluctuations; third, a certain temporal persistence of the ac-
celeration process. Consequently, for scenarios characterized
by slow accumulation, a lack of abrupt change rate mutations,
or high noise interference, the method’s responsiveness may
be constrained. This phenomenon reflects SRD’s mechanistic
boundaries regarding warning targets—specifically, it is better
suited to identify phases where propagation dynamics undergo
structural shifts, rather than to cover all types of macroscopic
event evolution.

The cross-scenario results from Douban Movie further in-
dicate that the dynamic anomalies characterized by SRD are
not limited to sudden crisis contexts; they can similarly gen-
erate responses during propagation launch phases. However,
the significant increase in warning periods within this scenario
suggests that in environments with multi-wave diffusion and
stronger background fluctuations, alarm density will rise with

variations in propagation rhythms. It is important to note that
these results primarily provide preliminary evidence of the
method’s transferability, and its statistical stability requires
further validation in larger-scale, multi-scenario settings.

Overall, the advantage of SRD lies not in achieving com-
prehensive coverage of all events, but in providing stable re-
sponses to propagation phases with structural acceleration fea-
tures at the cost of low quiet-day interference. This outcome
indicates that in social media early warning tasks, the core is-
sue is not determining whether a system is already anomalous,
but recognizing whether it is deviating from its conventional
rhythm. Therefore, modeling early warning as a propagation
dynamics change detection problem offers a more explanatory
analytical perspective for understanding risk formation pro-
cesses in complex social systems.

8 Conclusions

This paper proposes an unsupervised online framework for
social media early warning—SRD—to identify anomalous ac-
celeration phases of propagation relative to historical rhythms.
Under strict causal constraints, SRD uniformly maps hetero-
geneous social behaviors into a social intensity sequence and
achieves online detection of propagation dynamics deviations
through change rate modeling, robust scale normalization, and
a rolling quantile threshold mechanism.

Experimental results on the RUW scenario and the
Douban Movie cross-scenario validation demonstrate that SRD
can respond to key acceleration phases before event formation
with low false alarm interference, achieving a relatively bal-
anced performance among event coverage, warning lead time,
and alarm stability. Furthermore, the results show that this
method is more applicable to propagation processes with struc-
tural acceleration features, while its responsiveness has certain
boundaries for scenarios with slow evolution or weak rhythmic
changes.

More generally, the findings of this paper suggest that
effective social media early warning may benefit from focusing
on deviations in propagation dynamics rather than solely on
observed activity levels or state anomalies. Compared to tra-
ditional detection methods based on intensity levels or state
assessments, modeling early warnings as a propagation dy-
namics change detection problem corresponds more directly to
the process characteristics of risk formation, thereby enhanc-
ing the practical utility of warnings while reducing false alarm
interference.

Future work could further incorporate richer signal rep-
resentations, real-time analysis agents (Han et al., 2025), and
multi-source information fusion mechanisms, while preserv-
ing the core dynamic modeling framework, to enhance the
method’s applicability and robustness in complex real-world
environments. For the non-crisis validation setting, future
work will include more movies and diverse genres to provide
more systematic evidence of cross-scenario generalizability.
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