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Abstract

Information cascades in online social networks arise from stochastic interactions among
user behavior, temporal activation, and graph-structured exposure. Early prediction of
cascade outcomes remains difficult because only a short diffusion prefix is observable, while
future propagation depends on sparse user-level transitions across a heterogeneous social
network. This study develops a graph-conditioned stochastic modeling framework for early
Twitter cascade prediction. Retweet cascades are formulated as history-dependent stochastic
processes over a finite user vocabulary, and a causal dual-head Transformer is used to infer
cascade virality and logarithmic final size from short observed prefixes. To incorporate
social-network structure, user embeddings pretrained from the follow graph are introduced
as external structural priors. A controlled ablation design separates the effects of random
embeddings, graph-pretrained embeddings, frozen structural priors, and handcrafted feature
fusion. Experiments on Higgs Twitter retweet cascades show that direct full-vocabulary
next-user prediction is statistically fragile under sparse short-prefix observations, motivating
macro-level cascade outcome prediction. Among the evaluated configurations, the frozen
graph-pretrained Transformer achieves the strongest overall balance, reaching an AUC of
0.819, a Brier score of 0.151, and an RMSE of 0.192, while the causal Transformer without a
graph prior already surpasses logistic regression and approaches Random Forest; however,
gains over competitive baselines are modest and statistically significant only in selected
pairwise comparisons. Calibration analysis, bootstrap confidence intervals, and paired
statistical tests confirm that graph-derived user priors provide more reliable improvements
than sequence modeling alone under short-prefix sparse observations. These findings indicate
that graph-conditioned structural priors offer a promising complement to causal sequence
modeling for early Twitter cascade prediction.
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1. Introduction
1.1. Research Background and Motivation

Information diffusion in online social networks is governed by a complex interaction
among user behavior, temporal activation, and network topology [1]. A retweet cascade
may remain confined to a small local neighborhood, or it may rapidly expand into a large-
scale diffusion process through successive user interactions [2]. Cascades are shaped by
heterogeneous user influence, irregular temporal triggering, and the structural accessibility
provided by the underlying social graph. As a result, information cascades provide a
representative setting for studying stochastic processes on large-scale social networks.

Early prediction of cascade outcomes has practical and methodological significance.
In applications such as public-event monitoring, misinformation tracking, emergency
communication, and online marketing, decisions often need to be made when only a short
initial diffusion trace is available [3]. The central difficulty is that the early prefix of a
cascade contains only partial evidence about the eventual diffusion scale. A small number
of retweets may either represent a transient local response or the beginning of a broader
propagation trajectory [4]. Distinguishing these two regimes requires a model that can
integrate short-term temporal information with prior knowledge about the social positions
of participating users.

Existing cascade-prediction studies have demonstrated the value of temporal, struc-
tural, and user-level features. However, many existing approaches remain primarily
empirical: they either rely on handcrafted descriptors or adopt deep sequence models
without explicitly formalizing the stochastic nature of cascade evolution. This creates a gap
between predictive modeling and mathematical interpretation. In particular, the role of the
social graph is often entangled with the role of sequential representation learning, making
it difficult to determine whether performance gains arise from temporal modeling capacity,
graph-derived structural information, or their interaction [5].

This study addresses this gap by formulating Twitter information cascades as history-
dependent stochastic processes over a finite user vocabulary. Within this formulation,
a causal Transformer is used not merely as a generic sequence encoder, but as a parameter-
ized representation of cascade histories under a non-anticipatory information constraint.
To incorporate social-network structure, user embeddings pretrained from the follow graph
are introduced as external graph priors. The resulting framework allows early cascade
prediction to be studied as a graph-conditioned stochastic inference problem rather than as
a conventional sequence-classification task. The stochastic formulation serves as interpre-
tive scaffolding connecting the neural computation to mathematical cascade theory; the
operational training objective focuses on macro-level virality and size prediction rather
than direct optimization of the full user-level transition kernel.

1.2. Research Problem and Challenges

The research problem considered in this paper is early-stage cascade outcome predic-
tion. Given a short prefix of a retweet cascade, the objective is to infer whether the cascade
will reach a predefined virality threshold and to estimate its eventual scale. This formulation
emphasizes macro-level diffusion outcomes rather than exact user-level transition predic-
tion, which becomes statistically fragile in large and sparse social-network environments.

A central difficulty arises from the limited information contained in short cascade
prefixes. Early prediction must be performed before the diffusion process has fully revealed
its trajectory [6]. The observed prefix may contain only a few user activations and sparse
timing information, while the eventual cascade size depends on subsequent interactions
that remain unobserved [7]. This setting imposes a severe information constraint on the
model and makes naive extrapolation unreliable.
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This uncertainty is amplified by the large user space of social-network cascades. In a
platform-scale diffusion process, the number of potential retweeting users is extremely large,
whereas each individual cascade explores only a tiny portion of the user vocabulary [8].
Directly modeling the next activated user therefore suffers from sparsity, weak repeated
observations, and a combinatorial transition space. These properties motivate a shift from
fine-grained next-user prediction to more stable macro-level targets such as virality and
final size.

Another source of complexity is the heavy-tailed distribution of cascade sizes. Most
cascades terminate after limited diffusion, while a small fraction accounts for dispropor-
tionately large propagation [9]. This imbalance affects both classification and regression.
A model may achieve reasonable ranking performance while still producing poorly cali-
brated probabilities or unstable size estimates. Reliable cascade modeling therefore requires
evaluation beyond point estimates, including uncertainty quantification, calibration assess-
ment, and statistical comparison against competitive baselines.

A further methodological issue concerns the origin of predictive gains in deep cascade
models [10]. Transformer architectures are powerful sequence encoders, but their advantage
under very short prefixes is not self-evident. If the observed sequence is too short to
provide sufficient temporal evidence, the main benefit may instead come from external
structural priors. Disentangling these sources requires controlled ablation over random
user embeddings, graph-pretrained embeddings, embedding freezing, and feature fusion.

These considerations motivate the main research question of this paper: whether
graph-pretrained user representations can provide a robust structural prior for early Twitter
cascade prediction, and whether their contribution can be separated from the effects of
Transformer sequence modeling and handcrafted cascade descriptors.

1.3. Main Contributions

This paper makes the following contributions.
(1) Stochastic cascade formulation. Twitter retweet cascades are formulated as history-

dependent stochastic processes over a finite user vocabulary, providing a mathematical
basis for early virality and final-size prediction.

(2) Graph-pretrained Transformer framework. A causal dual-head Transformer is
developed to jointly predict cascade virality and log-final size, with user embeddings
pretrained from the social follow graph as structural priors.

(3) Controlled ablation design. The study separates the effects of random embeddings,
graph-pretrained embeddings, frozen structural priors, and handcrafted feature fusion,
enabling a clearer interpretation of predictive gains.

(4) Statistically reliable evaluation. Model performance is assessed using ranking
metrics, regression error, calibration measures, bootstrap confidence intervals, and paired
statistical tests.

(5) Evidence on graph-conditioned prediction. The results indicate that graph-
derived user representations provide more stable gains than sequence modeling alone
under short-prefix cascade observations.

1.4. Organization of the Paper

The remainder of this paper is organized as follows.
Section 2 reviews related work on information cascade prediction, stochastic diffusion

modeling, graph representation learning, and Transformer-based modeling, followed by a
summary of the research positioning.

Section 3 presents the stochastic modeling and computational framework, includ-
ing the mathematical formulation of Twitter cascades, prefix-based data construction,
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graph-pretrained dual-head Transformer architecture, baseline models, and statistical
evaluation protocol.

Section 4 reports the experimental results, including predictive performance, graph-
pretraining effects, feature-fusion analysis, calibration reliability, lead-time sensitivity,
and the feasibility of user-level transition prediction.

Section 5 summarizes the main findings and discusses limitations and future re-
search directions.

2. Related Works
2.1. Information Cascade Prediction in Social Networks

Information cascade prediction has been widely studied in social-network analysis,
computational social science, and data-driven diffusion modeling. The central objective is to
infer future cascade behavior from partial observations of an ongoing diffusion process [11].
Depending on the prediction target, existing studies can be broadly associated with popular-
ity prediction, final-size estimation, outbreak detection, and early virality classification [12].
These formulations share a common assumption: early diffusion traces contain informative
signals about the eventual scale and trajectory of information propagation.

A substantial body of work relies on handcrafted temporal, structural, and user-
level descriptors. Temporal features such as early growth rate, inter-arrival intervals,
and observation-window activity capture the short-term activation pattern of a cascade [13].
Structural features describe the local diffusion topology, including depth, breadth, branch-
ing patterns, and user connectivity. User-level features incorporate attributes related to
influence, historical activity, or network centrality [14]. These descriptors have shown
strong empirical value, particularly when the available prefix is short and the model must
rely on compact summaries of early diffusion behavior.

Despite their effectiveness, feature-based approaches depend heavily on manual
design and may not fully capture high-order dependencies among users, timestamps,
and network positions. Deep learning methods have therefore been introduced to learn
cascade representations directly from diffusion paths, temporal sequences, or cascade
graphs. Models based on recurrent neural networks, graph neural networks, and attention
mechanisms encode more flexible propagation patterns than fixed feature sets [15]. How-
ever, improved representational capacity does not automatically resolve the fundamental
uncertainty of early cascade prediction. When the observed prefix contains only a few
events, the available temporal evidence may be too limited for complex sequence models
to dominate simpler feature-based baselines.

This issue is especially relevant for Twitter-scale cascades, where the number of
potential participating users is large and the observed diffusion path is usually sparse.
Large-scale event-centered datasets, such as the Higgs Twitter dataset recording social-
media activity surrounding the Higgs boson announcement [16], have served as standard
benchmarks for studying cascade prediction under realistic sparsity and scale conditions.
In such settings, a cascade prefix should not be interpreted only as a short event sequence.
It also reflects the structural positions of the early participants in the broader social graph.
Consequently, early cascade prediction requires a modeling strategy that can combine local
temporal evidence with graph-level prior information.

2.2. Stochastic Diffusion Modeling and Point Processes

Stochastic diffusion models provide a principled way to describe information prop-
agation under uncertainty. In social networks, cascade evolution can be interpreted as
a random process in which each observed event modifies the probability of subsequent
activations [17]. Markov models, branching processes, epidemic models, and self-exciting
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point processes have all been used to represent different aspects of social diffusion [18].
These models offer interpretability by explicitly defining transition probabilities, event
intensities, or reproduction mechanisms.

Among them, Hawkes processes have been particularly influential for modeling tem-
porally clustered events. A Hawkes process assumes that previous events increase the
intensity of future events through a self-excitation mechanism [19]. Intuitively, each event
raises the probability of similar events occurring in the near future—analogous to how a
single retweet increases a post’s visibility and thereby triggers a cluster of further retweets
before the effect gradually decays. This structure is naturally aligned with retweet cascades,
where each retweet may increase the visibility of the original message and thereby stimulate
further responses. Extensions of Hawkes processes have been used to model popularity
growth, event arrival rates, and temporal decay in information diffusion [20]. Their advan-
tage lies in the explicit representation of triggering dynamics and the interpretability of
intensity functions.

Beyond standard self-excitation models, recent work has demonstrated that community
clustering structure can give rise to recurring multi-peak cascade dynamics that are not
captured by a single excitation kernel [21]. Such temporally heterogeneous diffusion patterns
motivate graph-informed modeling approaches that can account for community-driven
dynamics underlying cascade evolution. Moreover, real social networks typically involve
multiple co-existing relation types—such as retweets, replies, mentions, and follows—and
multilayer network frameworks that model these heterogeneous interaction layers jointly
have been shown to capture richer structural dynamics than single-layer representations [22].

Nevertheless, classical stochastic diffusion models face limitations when applied to
large-scale social networks. Markov transition models become difficult to estimate when
the state space consists of hundreds of thousands of users [23]. Point-process models can
capture temporal excitation but often require simplifying assumptions about user marks,
network exposure, or diffusion topology. Branching and epidemic models provide useful
macroscopic descriptions, yet they may obscure the heterogeneity of individual users and
the structural dependence induced by the social graph.

These limitations suggest that stochastic cascade modeling requires a balance between
mathematical structure and computational flexibility. A purely parametric point-process
model may be too restrictive for high-dimensional user-level diffusion, whereas a purely
neural sequence model may lack interpretability and statistical discipline. A natural
direction is therefore to preserve the stochastic-process view of cascade evolution while
using neural architectures to parameterize complex history-dependent representations
under causal constraints.

2.3. Graph Representation Learning and Transformer-Based Modeling

Graph representation learning offers a complementary perspective on social cascade
prediction. Rather than relying only on observed diffusion prefixes, graph embedding
methods learn low-dimensional representations of users from the underlying social net-
work [24]. Random-walk-based methods such as DeepWalk [25] and node2vec [26] treat
graph neighborhoods as contextual co-occurrence patterns and learn embeddings through
skip-gram-style objectives [27]. Intuitively, these methods generate many short random
walks starting from each node; users who frequently co-appear in the same walks are
assigned similar low-dimensional representations, so that structural proximity in the net-
work is preserved in the embedding space. These embeddings can encode proximity,
community structure, and local connectivity patterns that are not directly visible in a short
cascade prefix.
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For information diffusion tasks, graph-derived user representations can serve as struc-
tural priors. A user appearing early in a cascade may have different predictive significance
depending on their network position [28]. Retweets by structurally central users, bridge
users, or users embedded in dense communities may imply different downstream diffusion
potentials. Graph pretraining can therefore reduce the burden on the sequence model
by supplying prior information about user-level diffusion capacity before task-specific
training begins.

Transformer architectures provide another important modeling component. Through
self-attention, Transformers can represent dependencies among events without imposing a
fixed recurrence structure [29]. Conceptually, self-attention allows each event in a sequence
to selectively gather information from all other events simultaneously, weighted by learned
relevance scores; the causal variant restricts this attention so that each position can only
refer to earlier positions, preventing the model from using future information when making
predictions. In cascade modeling, causal attention is especially relevant because it ensures
that predictions depend only on observed history. This non-anticipatory property is
consistent with the temporal nature of early cascade prediction. Attention weights can also
be interpreted as dynamic relevance scores over previous events, which offers a bridge
between neural sequence modeling and stochastic history-dependent kernels.

However, the use of Transformers in cascade prediction requires caution. Their ca-
pacity can easily exceed the amount of information available in short prefixes, particularly
when the training set is limited and the user vocabulary is large [30]. Without external
structural priors, a Transformer may learn unstable user embeddings or rely on shallow
temporal cues already captured by handcrafted features. This concern motivates a graph-
pretrained Transformer design, in which the social graph supplies user-level structural
information while the causal Transformer models the observed cascade history.

The distinction between trainable and frozen graph embeddings is also methodolog-
ically important. Fine-tuning pretrained embeddings may improve adaptation when
sufficient task data are available, but it can also destroy useful structural information under
sparse supervision. Freezing graph-pretrained embeddings can act as a regularization
mechanism, preserving the topology-derived prior and preventing overfitting to a small
number of observed cascade prefixes. This issue is central to understanding whether
graph pretraining genuinely improves cascade prediction or merely provides another
initialization scheme.

2.4. Summary and Research Positioning

Existing studies provide several important foundations for modeling information
cascades. Cascade-prediction research has established the predictive value of early temporal
and structural signals. Stochastic diffusion models have offered interpretable descriptions of
event triggering and propagation uncertainty. Graph representation learning has provided
scalable tools for encoding social-network structure. Transformer-based architectures have
further expanded the capacity to model history-dependent event sequences.

At the same time, these research streams leave several issues unresolved. Feature-
based cascade models are often effective but limited by manual design. Classical stochastic
processes provide interpretability but can struggle with large user vocabularies and complex
graph dependence. Deep sequence models offer flexible representation learning, yet their
gains under short-prefix observations may be difficult to distinguish from the effects of
graph-derived priors or engineered descriptors. Many studies also emphasize predictive
scores while giving less attention to probability calibration, uncertainty quantification,
and statistical comparison.
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The present study is positioned at the intersection of stochastic cascade modeling,
graph representation learning, and causal Transformer computation. It treats Twitter
retweet cascades as history-dependent stochastic processes, introduces graph-pretrained
user embeddings as external structural priors, and evaluates early cascade outcomes
through a dual-head predictive formulation. The emphasis is not only on improving
prediction accuracy, but also on clarifying the source of predictive improvement through
controlled ablation and statistically reliable evaluation. This positioning allows the study
to connect mathematical modeling of diffusion processes with practical computation on
large-scale social-network data.

Table 1 compares the proposed work with representative studies on information
cascade prediction and social information diffusion. Existing studies cover probabilistic
diffusion modeling, continuous-time cascade dynamics, graph-based propagation represen-
tation, attention-based learning, semantic-aware prediction, and user-behavior modeling.
The present study differs by treating Twitter diffusion as a stochastic reaction-sequence
modeling problem. It jointly characterizes cascade-growth mechanisms, temporal arrival
behavior, structural descriptors, token-level auxiliary signals, and observable user-response
patterns, thereby linking early cascade traces with interpretable final diffusion outcomes.

Table 1. Comparative positioning of representative studies on information cascade prediction and
the proposed work. Bold font indicates the proposed approach of the present study.

Study Category
Diffusion/
Cascade
Mechanism

Temporal
Dynamics

Structural
Representation

Semantic/
Topic
Information

User Behavior
Modeling

Probabilistic and stochastic diffusion modeling [1,3,11] ✓ partial partial – partial
Inter-/intra-cascade and continuous-time dynamics [2,4] ✓ ✓ partial – partial
Graph neural network-based cascade prediction [6,23,24,30] partial partial ✓ – partial
Transformer and attention-based cascade modeling [8,10,15,20] partial ✓ ✓ partial partial
Hypergraph and high-order propagation modeling [13] partial partial ✓ – partial
Topic-, stance-, and content-aware diffusion modeling [7,10,15] partial partial partial ✓ partial
User activity and behavioral transition modeling [5,17,28] partial ✓ partial – ✓
Dynamic social network and structural evolution studies [12,18,29] partial partial ✓ partial partial
Survey and adjacent predictive learning studies [9,19,27] partial partial partial partial partial

This work

Stochastic
cascade
growth from
reaction traces.

Inter-arrival,
length
evolution,
and position-
wise loss.

Root influence,
outdegree
growth,
sequence
length,
and reaction-
chain
structure.

Token-level
auxiliary
cascade
signals.

Reaction
timing,
sequence
position,
and participa-
tion patterns.

3. Materials and Methods
3.1. Mathematical Formulation of Twitter Information Cascades

Twitter information cascades are modeled as stochastic diffusion processes on a large
directed user graph. The formulation developed in this section formalizes three levels of
the problem: the observation space and stochastic process formulation, the parametric
transition kernel, and the macro-level prediction objectives.

3.1.1. Cascade State Space and Historical Process

Let G = (V , E) be a directed social graph, where V denotes the finite user set and
E ⊆ V × V denotes directed follow relations. A cascade is observed as a marked temporal
point sequence,

C = {(Xi, Ti)}N−1
i=0 , Xi ∈ V , 0 = T0 ≤ T1 ≤ · · · ≤ TN−1
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where Xi is the user activated at the i-th event, Ti is the corresponding event time after
normalization, and N = N(C) is the final cascade size. Here, user identity acts as the event
mark, while event time records the timing of activations.

The information available after the k-th observed activation is represented by the
natural filtration

Fk = σ(X0, T0, . . . , Xk, Tk), 0 ≤ k < N

where σ(·) denotes the sigma-algebra generated by the observed cascade prefix. Any valid
early prediction rule at step k must be Fk-measurable; otherwise, it would depend on
future cascade events and violate the non-anticipatory constraint.

The most general user-level transition law can then be written as a regular condi-
tional probability,

Πk(u) = P(Xk+1 = u | Fk), u ∈ V

Here, Πk is a random probability measure on V . It changes with the observed history
and therefore captures the history-dependent nature of cascade diffusion. A finite-order
Markov model is obtained only when

P(Xk+1 = u | Fk) = P(Xk+1 = u | Xk−r+1:k, Tk−r+1:k)

for some fixed memory length r. The present formulation does not impose this restriction.
The entire observed prefix may influence future diffusion, which is more appropriate for
social cascades where each activation can create long-range dependencies.

Temporal irregularity is encoded through inter-arrival intervals,

∆i = Ti − Ti−1, i = 1, . . . , N − 1

The pair (Xi, ∆i) forms a marked event representation that records both who was activated
and how quickly the activation occurred. Rapid early activations and long inactive gaps
correspond to different diffusion regimes.

For early prediction, only a prefix of length K is available. The corresponding observ-
able history is FK−1, while all events after K remain unobserved. The learning problem is
therefore to approximate functionals of the unobserved future based on the observed prefix.

3.1.2. Causal Transformer Transition Kernel

The conditional law Πk is not directly estimable in large user spaces because |V|
is high and observed transitions are sparse. A parametric approximation is therefore
introduced. Let

Zk = fθ(Fk) ∈ Rd

denote a d-dimensional causal representation of the observed history, where fθ is a Trans-
former parameterized by θ. The notation fθ(Fk) emphasizes that the representation is a
measurable function of the available information at step k.

Causality is enforced by requiring

Zk ⊥ {(Xj, Tj) : j > k} | Fk

in the operational sense that Zk is computed exclusively from events indexed by 0, . . . , k.
The causal attention mask implements this restriction by preventing any hidden state at
position k from attending to future positions.

The Transformer-induced transition kernel is then defined as

Πθ,k(u) = Pθ(Xk+1 = u | Fk) =
exp(lθ,u(Zk))

∑v∈V exp(lθ,v(Zk))
, u ∈ V
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where lθ,u(·) is the logit assigned to user u. This expression approximates the unknown
conditional law Πk with a neural transition kernel Πθ,k. The approximation error may be
interpreted through the conditional risk:

Rtrans(θ) = E
[
− log Πθ,k(Xk+1)

]
where the expectation is taken over the empirical cascade-generating distribution and
admissible observation steps. Minimizing this risk corresponds to fitting the parametric
transition kernel to the observed user-level transition data.

Although the transition risk provides the mathematical motivation for the stochastic
formulation, direct optimization over the full user vocabulary is fragile under sparse short-
prefix observations. The kernel Πθ,k therefore serves as interpretive scaffolding in this
study: it connects the Transformer computation to stochastic process theory and motivates
the causal masking constraint, but it is not directly optimized as a training objective.
The Transformer instead produces

ZK−1 = fθ(FK−1)

as a sufficient computational summary of the observed cascade prefix. The attention
mechanism admits an additional probabilistic interpretation. For a causal self-attention
layer, the attention weights satisfy

ak,j ≥ 0,
k

∑
j=0

ak,j = 1

where ak,j is the normalized attention weight assigned from the current position k to
a historical position j ≤ k. Hence, attention defines a history-dependent probability
distribution over past events. This probabilistic interpretation connects the Transformer
computation to the stochastic kernel formulation and provides a principled view of how
historical cascade events are aggregated into the final prediction.

3.1.3. Virality and Log-Final-Size Learning Objectives

The transition-kernel formulation describes user-level diffusion, but the prediction
target of this study is macro-level cascade outcome inference. Let N = N(C) denote the
final cascade size. Given a virality threshold τ,

Yv = 1{N ≥ τ}, Ys = log N

where Yv is the binary virality label, Ys is the logarithmic final-size target, and 1{·} is
the indicator function. The logarithmic transformation is used because cascade sizes are
heavy-tailed; it reduces the variance of the regression target and aligns the size prediction
with multiplicative growth behavior.

Given only the early information FK−1, the optimal virality predictor under log-loss is
the conditional probability

p∗(FK−1) = P(Yv = 1 | FK−1)

whereas the optimal squared-loss predictor for final size is the conditional expectation

s∗(FK−1) = E[Ys | FK−1]
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These two quantities clarify the statistical meaning of the learning task. The model is
not attempting to deterministically extrapolate a cascade; it approximates conditional
functionals of the unobserved future diffusion given the observable early prefix.

The dual-head Transformer approximates these two conditional functionals through

(pθ , sθ) = qθ(ZK−1)

where qθ denotes the task-specific prediction mapping, pθ ∈ [0, 1] is the estimated virality
probability, and sθ ∈ R is the estimated log-final size. The two outputs share the same
causal cascade representation but use separate linear heads.

The population risk associated with the two tasks is

R(θ) = αE
[
BCE(Yv, pθ)

]
+ (1− α)E

[
(Ys − sθ)

2]
where α ∈ [0, 1] balances classification and regression. The binary cross-entropy term en-
courages calibrated estimation of virality probability, while the squared-loss term estimates
the conditional mean of the log-final size.

Given a training set of M cascades, the empirical objective becomes

R(θ) = 1
M

M

∑
m=1

[
α · BCE

(
y(m)

v , p(m)
θ

)
+ (1− α)

(
y(m)

s − s(m)
θ

)2
]

where m indexes cascades in the training set, and lower-case symbols denote observed labels
and predictions. This empirical risk is the optimization criterion used for model training.

This formulation provides a coherent bridge from stochastic diffusion to practical
computation. The cascade evolves according to a history-dependent conditional law;
the causal Transformer approximates this law through a parametric representation of
observable cascade histories; and the dual-head predictor translates the resulting summary
into macro-level diffusion outcomes.

Beyond providing a formal vocabulary, the stochastic-process framework contributes
three specific structural insights that inform the architecture and evaluation design. First,
the filtration Fk makes the non-anticipatory constraint mathematically precise: any valid
early predictor must be FK−1-measurable, which justifies the causal attention mask as a
statistical requirement rather than merely an architectural convention. Second, writing
the learning targets as the conditional probability p∗(FK−1) = P(Yv = 1 | FK−1) and the
conditional expectation s∗(FK−1) = E[Ys | FK−1] clarifies that the prediction problem is
the estimation of well-defined conditional functionals of the unobserved cascade future,
not a heuristic extrapolation from observed counts. Third, the causal self-attention weights
ak,j ≥ 0 with ∑k

j=0 ak,j = 1 define a history-dependent probability distribution over past
events at each decoding step, connecting the neural computation to the stochastic kernel
Πk and providing a principled interpretation of how cascade history is aggregated into
the final prediction. Together, these connections situate the Transformer within a rigor-
ous probabilistic framework for cascade diffusion rather than treating it as an opaque
sequence encoder.

3.2. Dataset Construction and Prefix-Based Cascade Modeling

The stochastic formulation above requires an empirical cascade construction proce-
dure that preserves user identity, temporal order, and graph-based structural information.
The dataset construction in this section describes how raw Higgs Twitter activity records
are converted into a supervised prefix-outcome learning problem.
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3.2.1. Higgs Twitter Dataset and Retweet Cascade Construction

The empirical analysis is based on the public Higgs Twitter dataset [16], which
records social-media activity surrounding the announcement of the Higgs boson dis-
covery. The dataset contains timestamped user interactions including retweets, replies,
and mentions, together with the social follow graph of the involved users.

Each retweet event is interpreted as a directed diffusion relation. If a record is written as

(a, b, t, RT)

then user a retweeted user b at time t. The direction of information flow is therefore taken
as b→ a, because the content associated with user b becomes visible through the activation
of user a. This convention assigns information flow from source to recipient, consistent
with the directed graph structure of the follow relation.

A root-grouped cascade is then obtained by collecting all users who retweeted the
same root user and ordering them by timestamp. For a root user b, the corresponding
cascade is written as

C(b) = {(b, t0), (a1, t1), . . . , (anb , tnb)}, t0 ≤ t1 ≤ · · · ≤ tnb

where ai denotes the i-th user who retweeted b and nb + 1 is the size of the constructed
cascade. The root event is included to preserve the source identity of the diffusion process.

The follow graph is not used to define cascade membership. Instead, it serves as an
external structural source for user representation learning. This separation is important:
retweet cascades describe who activated whom and when, while the follow graph describes
structural proximity in the social network. The two sources of information are combined
through graph-pretrained user embeddings, as described in Section 3.3.

The resulting cascades exhibit the typical statistical properties of social diffusion:
sparse participation, highly uneven cascade lengths, and substantial variation in propaga-
tion speed. Most cascades terminate quickly with few participants, while a small fraction
propagates broadly. This heavy-tailed structure motivates the use of log-scale targets and
stratified evaluation.

3.2.2. Temporal Split and Vocabulary Construction

The predictive task is designed as a chronological early-warning problem. For this
reason, the data are split according to event time rather than by random sampling. Let Tmin

and Tsplit denote the earliest timestamp and the split threshold, respectively:

Dtrain = {C : tobs(C) < Tsplit}, Dtest = {C : tobs(C) ≥ Tsplit}

where tobs(C) denotes the observation time used to assign a cascade sample to a split. In the
implementation, this split follows a strict temporal window: the early portion of the event
stream is used for training and the later portion for testing, ensuring that all test predictions
are out-of-sample with respect to the observed temporal context.

Figure 1 illustrates the temporal structure underlying the chronological split. Retweet
activity is highly concentrated around the public-event window and then decays over time,
indicating that the cascade dynamics are dominated by a concentrated early burst rather
than sustained long-term growth.
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Figure 1. Temporal activity profile and chronological train–test split.

A temporal split is essential for cascade prediction. Randomly mixing cascades across
the full observation period would weaken the causal interpretation of the experiment
because later user behavior and social-graph signals would be available during model
training, creating a form of temporal leakage that does not arise in real-world early predic-
tion scenarios.

The user vocabulary is also constructed using only training-period information. Let
Vtrain denote the set of users appearing in the training cascades. A vocabulary mapping

ν : Vtrain → {1, . . . , |Vtrain|}

is fitted on this set, with reserved symbols for padding and out-of-vocabulary users. Test-
period users are then mapped through the same vocabulary. This procedure avoids using
future user occurrence statistics during training-time vocabulary construction.

Figure 2 further characterizes the sparsity of the constructed user vocabulary. The rank–
frequency curve decays gradually, indicating that cascade observations are not concentrated
among a small set of dominant users. Most users appear only rarely, which confirms the
high-dimensional and sparse nature of the user-level cascade representation.

Figure 2. User-token rank–frequency distribution in the training set.

https://doi.org/10.3390/math14132288

https://doi.org/10.3390/math14132288


Mathematics 2026, 14, 2288 13 of 37

The same vocabulary is used to align retweet cascades with graph-pretrained embed-
dings. When the follow graph is restricted to users represented in the cascade vocabulary,
the resulting graph provides structural priors that are consistent with the token space used
for cascade modeling.

3.2.3. Prefix-Based Virality and Size Prediction Samples

A cascade C is retained as a supervised sample only if its total size satisfies |C| > K,
ensuring that the prefix does not exhaust the entire cascade. The observable prefix of length
K is

H(m)
K−1 = {(X(m)

i , T(m)
i )}K−1

i=0

where m indexes the cascade sample. The remaining events, if any, are hidden from the
model and contribute only to the final outcome labels.

The corresponding targets are computed from the final cascade size N(m):

y(m)
v = 1{N(m) ≥ τ}, y(m)

s = log N(m)

where τ is the virality threshold. The condition K < τ is imposed so that the observed
prefix alone cannot mechanically determine a positive virality label. Without this constraint,
any cascade surviving beyond the prefix length would immediately satisfy the virality
condition, making the classification trivially solvable from prefix length alone.

This prefix construction produces a partial-information learning problem. The model
observes the early activation pattern, including the identities and temporal spacing of the
first K events, but it does not observe any subsequent cascade evolution. The learning
problem is therefore to approximate the conditional functionals

P(Yv = 1 | FK−1) and E[Ys | FK−1]

which were introduced in Section 3.1.3. The empirical samples are direct finite-data realiza-
tions of this conditional inference problem.

In addition to user tokens and event times, compact temporal and structural de-
scriptors are extracted from the same prefix for baseline modeling and feature-fusion
experiments. These descriptors summarize early diffusion behavior in terms of growth
speed, inter-arrival statistics, root-user structural properties, and cascade topology.

The final dataset therefore consists of paired prefix-outcome samples,

S = {(H(m)
K−1, y(m)

v , y(m)
s )}M

m=1

where M is the number of retained cascades. This construction links the empirical dataset
directly to the mathematical framework: each sample contains an observable history,
a binary virality outcome, and a log-size target that together form a realization of the
stochastic inference problem formulated in Section 3.1.

Figure 3 shows the sequence-length distributions induced by the temporal split. Both
training and test cascades are dominated by short sequences, which confirms that the
prediction problem is inherently an early-stage inference task. The similarity between
training and test length distributions indicates that the temporal split does not create a
severe distributional mismatch in terms of prefix length.
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Figure 3. Cascade sequence-length distributions after temporal splitting.

3.3. Graph-Pretrained Dual-Head Transformer Framework

The proposed framework combines graph-derived user priors with causal sequence
modeling. The central idea is that a short cascade prefix contains limited temporal evidence,
but the users appearing in the early events carry social-position information that can be
extracted from the follow graph. The framework has three components: graph-pretrained
user embeddings, a dual-head causal Transformer, and an optional feature-fusion module.

3.3.1. Node2vec-Based User Embedding Pretraining

The social follow graph provides a structural context for users involved in retweet
cascades. Although a follow relation does not guarantee information transmission, it
defines a potential exposure channel and encodes social proximity, community membership,
and indirect influence pathways.

Let Gs = (Vs, Es) denote the social follow graph used for pretraining, where Vs is
the set of users and Es is the set of directed follow relations. Node2vec [26] constructs
sequences of nodes through biased random walks

ω = (v1, v2, . . . , vL), vi ∈ Vs

The local context of a node is defined by neighboring nodes within a window of size c.
The pretraining objective is to assign nearby nodes in sampled walks similar representations.
For a user u, its graph embedding eg

u ∈ Rd is learned by maximizing the skip-gram objective
with negative sampling:

max
eg ∑

(u,v)∈P
log σ

(
eg

u
⊤

eg
v
)
+ ∑

v−∈N (u)
log σ

(
−eg

u
⊤

eg
v−
)

where P denotes positive node-context pairs generated from random walks, N (u) denotes
sampled negative contexts for u, and σ(·) is the logistic function. This objective encourages
nodes with similar graph neighborhoods to develop similar latent representations.
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The learned embedding table serves as an external structural prior for the cascade
model. For a user u appearing in a prefix, the initial token embedding is assigned as

eu =

eg
u, u ∈ Vs

er
u, u /∈ Vs

where er
u is a randomly initialized embedding for users without available graph repre-

sentation. In practice, most active cascade users are aligned with the graph vocabulary,
allowing the Transformer to use structure-informed token embeddings for the majority of
observed activations.

Two training strategies are considered. In the trainable setting, graph-pretrained em-
beddings are used as initialization and then updated during cascade-model training. In the
frozen setting, the pretrained embeddings are fixed throughout, serving as a static structural
prior. Both strategies are evaluated in the ablation design described in Section 3.3.3.

Node2vec pretraining is therefore not used as a generic initialization trick. It is in-
troduced as a controlled mechanism for injecting social graph structure into a stochastic
cascade model. By comparing frozen and trainable embeddings against randomly initial-
ized baselines, the study can isolate whether the follow-graph topology provides genuine
predictive value beyond what the cascade sequence alone can capture.

3.3.2. Dual-Head Causal Transformer Architecture

Given a prefix historyHK−1, the model constructs an event-level input sequence. Each
event contains a user identity, a position index, and temporal interval information. Let
Xi denote the activated user at position i and ∆i denote the corresponding inter-arrival
interval. The input representation for event i is

ri = eXi + pi + ψ(∆i)

where eXi ∈ Rd is the user embedding, pi ∈ Rd is the positional embedding, and ψ(∆i) ∈ Rd

is a learnable temporal projection. For the root event, where no prior interval exists,
the temporal component is set to a neutral initial value.

The sequence representation

R = (r0, r1, . . . , rK−1)

is passed through stacked causal self-attention blocks. The causal mask ensures that the
representation at position i can attend only to positions 0, . . . , i. The resulting hidden
sequence is

H = fθ(R), H = (h0, h1, . . . , hK−1)

where hi ∈ Rd is the contextual representation of the prefix up to position i. The final prefix
state is taken as

z = hK−1

This state summarizes the observable cascade prefix under the non-anticipatory constraint.
It is the computational counterpart of FK−1 defined in Section 3.1.

The dual-head predictor maps z to two cascade-level outcomes:

p = σ(w⊤v z + bv), s = w⊤s z + bs

where p is the predicted probability of virality, s is the predicted log-final size, wv, ws ∈ Rd

are task-specific weight vectors, and bv, bs are intercept terms. The classification head
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estimates whether the cascade exceeds the virality threshold, while the regression head
estimates the log-scale final size.

The two heads share the same causal prefix representation. This shared representation
is appropriate because virality and final size are related functionals of the same future
cascade. A prefix that implies large final size should also be associated with a high
virality probability.

The architecture remains intentionally compact. Its role is not to demonstrate that
a larger Transformer can overfit cascade prefixes, but to test whether a causal sequence
model equipped with graph-pretrained user embeddings can provide reliable early cascade
prediction under the sparse observation setting.

3.3.3. Feature Fusion and Ablation Design

Handcrafted cascade descriptors remain strong baselines in early diffusion prediction.
They summarize interpretable aspects of the prefix, such as early growth speed, temporal
concentration, root-user structural properties, and cascade topology. Including these
descriptors as an additional input source allows the model to leverage both sequence-level
and summary-level information.

Let ϕ ∈ Rq denote the handcrafted feature vector extracted from the same prefixHK−1,
where q is the number of engineered descriptors. These features are projected into the
Transformer representation space and combined with the sequence summary:

z← z + Wϕ ϕ

where Wϕ ∈ Rd×q is a learnable projection matrix. The fused representation replaces the
sequence-only summary in the dual-head predictor. This additive form preserves the
Transformer-derived cascade representation while allowing explicit supplementation from
engineered features.

The feature-fusion design serves two purposes. It tests whether handcrafted descrip-
tors contain information not captured by the causal Transformer. It also examines whether
explicit temporal and structural summaries can compensate for the limited sequence evi-
dence available in very short cascade prefixes.

To isolate these effects, the experimental design compares six model variants:

M = {Mrand, Mn2v, Mn2v-frz, Mfus-rand, Mfus-n2v, Mfus-n2v-frz}

Here, Mrand uses randomly initialized user embeddings, Mn2v uses trainable node2vec
initialization, and Mn2v-frz uses frozen node2vec embeddings. The remaining three variants
add feature fusion to the corresponding embedding conditions.

The comparison is central to the research question of this study. If random embeddings
perform similarly to feature-based baselines, then sequence modeling alone contributes
limited additional information. If graph-pretrained embeddings consistently improve over
random embeddings, then the social follow graph provides genuine structural priors for
cascade prediction.

This ablation structure also prevents overinterpreting the Transformer as the sole
source of improvement. The proposed model is evaluated not as a monolithic deep ar-
chitecture, but as a composition of sequence modeling, structural priors, and engineered
features whose individual contributions are measured separately.

3.4. Baselines and Statistical Evaluation Protocol

The proposed framework is evaluated against feature-based baselines and through
a statistical protocol designed to assess discrimination, regression accuracy, calibration,
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and uncertainty. This evaluation strategy ensures that performance claims are grounded in
statistically reliable evidence rather than in point estimates from a single experimental run.

3.4.1. Handcrafted-Feature Baselines

Handcrafted features are included because they remain competitive in early cascade
prediction, particularly when the observed prefix is short. A small number of retweet
events may not provide enough sequential evidence for a Transformer to dominate over
carefully selected compact descriptors.

For each prefixH(m)
K−1, a feature vector is extracted as

ϕ(m) = Φ(H(m)
K−1, G) ∈ Rq

where m indexes the cascade sample, Φ(·) is the feature-extraction mapping, G is the social
graph, and q is the number of handcrafted descriptors. The feature vector is computed only
from the observed prefix, ensuring that no future cascade information is used.

The descriptors cover three categories. Temporal features summarize early diffusion
pace, including the prefix duration and statistics of inter-arrival intervals. User-structural
features describe the root user’s social position, including follow-graph degree and es-
timated network centrality. Cascade topology features characterize early retweet-path
structure, including sequence length and observable chain properties.

Classification baselines are trained to estimate the virality label yv. Logistic Regression
provides a linear probabilistic reference model, while Random Forest captures nonlinear
interactions among handcrafted descriptors. For the regression task, Ridge Regression and
Random Forest Regression estimate the log-final-size target ys from the same feature vector.

This baseline design is intentionally conservative. If the graph-pretrained Transformer
does not outperform feature-based models, then its additional complexity would be difficult
to justify. Conversely, if graph-conditioned sequence modeling consistently improves over
engineered baselines, then the results provide evidence that stochastic cascade structure
captured by the causal Transformer adds information beyond what static descriptors
can summarize.

3.4.2. Evaluation Metrics and Calibration Measures

The classification task is evaluated through ranking, probability, and calibration met-
rics. Let yi ∈ {0, 1} denote the observed virality label for cascade i, and let pi ∈ [0, 1]
denote the predicted virality probability. Ranking performance is measured by AUROC
and AUPRC,

AUROC = P(p+ > p−), AUPRC =
∫ 1

0
P(R) dR

where p+ and p− denote predicted scores for randomly drawn positive and negative
cascades, respectively, and P(R) is precision as a function of recall R. AUROC evaluates
global ranking separability, whereas AUPRC is more sensitive to performance on the
positive class and is more informative under class imbalance.

Probability quality is measured by the Brier score,

Brier =
1
M

M

∑
i=1

(pi − yi)
2

where M is the number of evaluated cascades. Unlike AUROC, the Brier score penal-
izes both poor discrimination and poorly calibrated probability magnitudes. This is im-
portant for early warning applications where the absolute probability estimate carries
operational significance.
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Calibration is further evaluated using expected calibration error. The prediction
interval [0, 1] is divided into B probability bins. For bin Bb, let conf(Bb) denote the mean
predicted probability and acc(Bb) denote the empirical positive rate:

ECE =
B

∑
b=1

|Bb|
M

∣∣acc(Bb)− conf(Bb)
∣∣

A low ECE indicates that predicted probabilities align well with observed frequencies.
Calibration diagrams are used together with the scalar ECE value to identify whether the
model tends to be overconfident or underconfident in its virality estimates.

The regression task is evaluated on the logarithmic final-size target. Let si = log Ni

denote the observed target for cascade i and let ŝi denote the model prediction. Regression
error is measured by

RMSE =

(
1
M

M

∑
i=1

(ŝi − si)
2

)1/2

This metric is consistent with the squared-loss component of the training objective and
reflects deviations in log-scale cascade magnitude. Since the raw cascade-size distribution
is heavy-tailed, log-scale RMSE provides a more interpretable and robust measure of
regression accuracy than direct size prediction error.

Temperature scaling is used as a post hoc calibration procedure for neural classifiers.
Given a validation set, a scalar temperature T > 0 is fitted by minimizing negative log-
likelihood. The calibrated probability is

pi,T = σ
(ηi

T

)
where ηi is the pre-sigmoid virality logit and σ(·) is the logistic function. Values T > 1 soften
overconfident logits, whereas T < 1 sharpens underconfident predictions. Calibration
metrics are reported before and after temperature scaling to assess whether the raw neural
outputs already exhibit reliable probability estimates.

3.4.3. Bootstrap Confidence Intervals and Statistical Tests

Point estimates alone are insufficient for comparing early cascade prediction models,
especially when the test set contains a limited number of retained prefix samples. To quan-
tify sampling uncertainty, bootstrap resampling is used to construct confidence intervals
for all reported metrics.

Given a test set
T = {(H(i)

K−1, y(i)v , y(i)s )}M
i=1

a bootstrap replicate T ∗(b) is obtained by sampling M cascades with replacement from T .
For each replicate, the metric of interest is recomputed. Repeating this procedure for Bboot

replicates yields an empirical distribution

µ∗(1), µ∗(2), . . . , µ∗(Bboot)

where µ∗(b) denotes the metric value in bootstrap replicate b. The 95% confidence interval
is obtained from the empirical 2.5th and 97.5th percentiles of this distribution.
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For classification models, paired AUROC comparisons are conducted using DeLong’s
test. This test accounts for the fact that competing models are evaluated on the same
cascades and therefore have correlated performance estimates. The test statistic is

Z =
∆AUC√

Var(∆AUC)

where Var(∆AUC) is the estimated variance of the paired AUROC difference. The resulting
two-sided p-value is used to assess whether an observed AUROC gap is distinguishable
from sampling variability.

For regression models, paired bootstrap comparisons are used to evaluate differences
in log-size RMSE. In each bootstrap replicate, the RMSE difference between two models is
computed on the same resampled test set:

∆∗(b)RMSE = RMSE∗(b)A − RMSE∗(b)B

The empirical distribution of ∆∗(b)RMSE provides both confidence intervals and directional
evidence for whether one model consistently reduces log-size error relative to another.

This statistical protocol supports a more cautious interpretation of experimental results.
A model is not considered superior merely because it has a slightly higher point estimate.
Its advantage must be consistent across bootstrap replicates and statistically distinguishable
from random variation.

4. Results
4.1. Experimental Setup

The experiments evaluate whether early retweet prefixes contain sufficient information
for cascade-level outcome prediction, and whether graph-pretrained user representations
improve prediction reliability under the sparse observation setting.

The prediction problem comprises two coupled tasks. The classification task estimates
whether a cascade reaches the virality threshold τ, whereas the regression task estimates
the logarithm of the final cascade size from the same early prefix.

The model comparison spans feature-based baselines and six Transformer variants.
Feature-based classifiers include Logistic Regression and Random Forest; regression base-
lines include Ridge Regression and Random Forest Regression. The six Transformer vari-
ants differ in embedding strategy and feature-fusion design, as specified in Section 3.3.3.

The evaluation uses complementary metrics. Virality classification is assessed by
AUROC and AUPRC. AUROC measures global ranking separability between viral and
non-viral cascades, while AUPRC is more sensitive to positive-class retrieval under class
imbalance. The Brier score and ECE further assess probability quality and calibration.
Log-final-size regression is evaluated by RMSE on the log-scale target.

Table 2 summarizes the experimental configuration used throughout the study. The de-
sign combines threshold-based virality classification with logarithmic final-size regression,
allowing the evaluation to assess both ranking ability and magnitude estimation under the
same early-prefix observation constraint.

This setup allows the experiments to address three connected questions: whether
early cascade prefixes contain predictive signals for downstream diffusion outcomes,
whether graph-pretrained user embeddings improve over randomly initialized alternatives,
and whether handcrafted feature fusion adds complementary information beyond causal
sequence modeling.
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Table 2. Experimental configuration.

Item Setting

Prediction setting Early prefix-based cascade outcome prediction
Main input First K (=5) cascade events
Classification target Virality indicator yv = 1{N ≥ τ}
Regression target Log-final size ys = log N
Virality threshold τ (=10)
Loss weight α = 0.5 (equal weighting of BCE and regression terms)
Baseline classifiers Logistic Regression, Random Forest
Baseline regressors Ridge Regression, Random Forest Regression

Transformer variants Random, node2vec, frozen-node2vec,
and feature-fusion variants

Classification metrics AUROC, AUPRC, Brier score, ECE
Regression metric RMSE on log-final size
Statistical protocol Bootstrap confidence intervals and paired tests

4.2. Empirical Cascade Dynamics and Data Sparsity

The empirical properties of retweet cascades provide the basis for interpreting the
subsequent model comparisons. Although the supervised task is formulated as virality
classification and log-final-size regression, the cascade dynamics themselves reveal struc-
tural characteristics that directly shape what information is available and what prediction
difficulty arises.

Figure 4 shows that the cascade-length distribution is strongly heavy-tailed. Most
retweet cascades terminate after only a small number of activations, whereas a small
fraction grows into substantially larger diffusion chains. This concentration of mass at short
lengths and the long upper tail are characteristic of social diffusion processes and confirm
that the majority of cascades are observed at very early stages.

Figure 4. Heavy-tailed cascade-length distribution.

This distributional pattern has direct methodological implications. Raw final-size
regression would assign disproportionate influence to rare large cascades and would make
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error behavior sensitive to extreme outliers. The log-scale transformation of the target
compresses the upper tail and produces a more symmetric prediction problem, which is
why log-final size rather than raw size is used as the regression target throughout this study.

Figure 5 reports the complementary cumulative distribution of within-cascade inter-
arrival times. The distribution spans several orders of magnitude, showing that cascade
evolution combines rapid local activation bursts with long dormant intervals. Some
successive retweets occur within seconds, while others are separated by hours or longer.

Figure 5. Within-cascade retweet inter-arrival-time distribution.

This broad temporal range indicates that retweet cascades cannot be adequately
described as uniformly spaced sequences. Short waiting times may correspond to burst-
like exposure and rapid local amplification, while long inter-arrival gaps may reflect
delayed discovery or secondary exposure through different network paths. Encoding inter-
arrival time as an explicit model input is therefore important for capturing the temporal
irregularity of early diffusion behavior.

Figure 6 examines the relationship between source-user structural visibility and real-
ized cascade size. The positive association between root-user follower count and cascade
size indicates that graph-based information about the source user carries a predictive signal
that extends beyond the cascade prefix itself. Users with broader structural visibility in the
follow network tend to initiate cascades with larger final sizes on average.

This result is important for interpreting graph pretraining. Root-user popularity
alone does not determine whether a cascade becomes viral; many cascades initiated by
visible users remain limited, and some initiated by less-followed users grow substantially.
Nevertheless, the statistical association supports the hypothesis that graph-derived user
priors carry predictive information that complements what can be inferred from temporal
event sequences alone.

Table 3 summarizes the numerical evidence behind the empirical patterns. The cascade-
level statistics confirm that the prediction task is shaped by heavy-tailed scale variation
and irregular temporal dynamics. The tail exponent close to −1 implies that the cascade-
size distribution is among the heaviest encountered in social diffusion studies, and the
wide range of inter-arrival times confirms that a fixed-spacing sequence model would
be inappropriate.
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Table 3. Empirical cascade and user-vocabulary characteristics. “Vocabulary size” counts all distinct
users appearing in any position in training-period cascade sequences (Section 3.3); “Training users”
counts distinct participants in the temporal training split (Section 3.4). The two values differ because
root-only users are included in the sequence vocabulary but may not be counted as sequence-level
training participants.

Category Statistic Value

Cascade scale Number of cascades 41,426
Tail exponent −1.008

Temporal dynamics Number of inter-arrival intervals 301,637
Inter-arrival median 1.25 min
Inter-arrival p99 25.47 h

Graph signal Spearman (ρ), followers vs. size 0.494
Cascades with positive follower count 98.60%

User sparsity Vocabulary size 256,493
Training target tokens 505,146
Test target tokens 11,036
Rank for 90% token coverage 208,547

Temporal split Training users 246,726
Test users 13,718
Train/test user overlap 3953
Test users seen in training 28.80%

Sequence length Median train/test length 2/2
p99 train/test length 132/24

The user-level statistics further show that the learning problem is not only temporally
irregular but also highly sparse. The vocabulary size is comparable to half of the training
target-token count, indicating that each user is observed on average only twice as a cascade
participant. At the same time, the rank required to cover 90% of training tokens is more than
200,000, confirming that the effective user space is large and that most users remain rare.

Figure 6. Root-user popularity and realized cascade size.

The graph-related statistics provide a complementary interpretation. Root-user fol-
lower count has a moderate association with realized cascade size, but the relationship is far
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from deterministic. Graph pretraining can therefore inject useful structural priors without
relying on a simple popularity heuristic that would trivially resolve the prediction task.

4.3. Feasibility of User-Level Transition Prediction

This section evaluates the feasibility of user-level transition prediction using represen-
tative baselines and a causal MiniTransformer. The purpose is not to position next-user
prediction as the final modeling objective, but to empirically establish whether it constitutes
a viable prediction problem under the observed data regime.

Figure 7 compares the first-order Markov baseline, an exponential-kernel Hawkes
model, and a causal MiniTransformer on the user-level transition task. The results show that
direct next-user prediction yields near-ceiling cross-entropy and near-zero ranking accuracy
across all methods, indicating that the task is poorly identifiable under the observed
data conditions.

Figure 7. Test-set comparison for user-level transition prediction.

The Hits@K values further confirm the difficulty of the task. The MiniTransformer
achieves near-zero Hits@1 and remains extremely low at Hits@10 and Hits@50. The Markov
and Hawkes baselines also provide negligible retrieval performance. These results indicate
that identifying which specific user will retweet next is essentially intractable under the
current vocabulary size and data sparsity.

The comparison also shows that additional sequence modeling capacity does not auto-
matically overcome transition sparsity. The MiniTransformer does not clearly outperform
the first-order Markov baseline, which implies that the bottleneck is not the sequence repre-
sentation but rather the fundamental scarcity of user-level observations in the training data.

Table 4 provides quantitative evidence that full-vocabulary user-level transition predic-
tion is not a reliable primary target under the observed data regime. The MiniTransformer
does not improve over the first-order Markov baseline in cross-entropy and underperforms
it substantially in Hits@1. The bootstrap confidence intervals further confirm that the Mini-
Transformer’s near-zero retrieval performance is not a sampling artifact but a systematic
characteristic of the task.

Table 4. User-level transition prediction results (↓: lower is better).

Model CE ↓ PPL ↓ Hits@1 Hits@10 Hits@50

First-order Markov 12.408 244,871.40 0.009 0.014 0.014
Hawkes exponential kernel 14.023 1,230,807.80 0.006 0.014 0.022

MiniTransformer 12.485 264,344.3 0.000 0.001 0.002
[12.472, 12.499] [260,809.5, 268,098.4] [0.000, 0.001] [0.001, 0.002] [0.001, 0.003]

The Hawkes exponential-kernel model performs worse than both Markov and Mini-
Transformer baselines. This result is informative because Hawkes processes are well suited
to temporally clustered events, yet they still fail to recover meaningful transition structure.
The failure suggests that the bottleneck is not the temporal modeling assumption but the
fundamental difficulty of predicting the correct user from a large and sparse vocabulary.

https://doi.org/10.3390/math14132288

https://doi.org/10.3390/math14132288


Mathematics 2026, 14, 2288 24 of 37

Figure 8 reports per-position test cross-entropy for the user-level transition task. If ad-
ditional historical context were sufficient to resolve the next-user prediction problem, one
would expect cross-entropy to decrease as the prefix grows. Instead, the per-position cross-
entropy remains near-constant across prefix positions for all evaluated models, indicating
that longer context does not reduce transition uncertainty.

Figure 8. Per-position cross-entropy in user-level transition prediction.

This result indicates that the difficulty of next-user prediction is not merely a conse-
quence of insufficient prefix length. Longer observed histories provide more local context,
but they do not fundamentally resolve the sparsity of user-level transitions. The problem is
structural: the user vocabulary is too large and too rarely repeated for any model to reliably
identify the next activating user from short cascade prefixes.

The feasibility analysis therefore supports the modeling shift adopted in the main
experiments. Instead of attempting to predict the exact next user, the proposed framework
uses early prefixes to estimate macro-level cascade outcomes. This shift from user-level
transition modeling to outcome-level prediction is empirically motivated by the transition
sparsity demonstrated in this section.

4.4. Overall Performance and Graph-Pretraining Effects

The previous section shows that full-vocabulary user-level transition prediction is
weakly identifiable under sparse short-prefix observations. The main experiments therefore
focus on macro-level cascade outcome prediction: virality classification and log-final-size
regression from the same early prefix.

The performance comparison includes feature-based baselines, randomly initialized
Transformer variants, node2vec-initialized Transformer variants, and frozen node2vec
variants. This design allows the contribution of graph pretraining to be separated from the
contribution of causal sequence modeling.

Figure 9 shows that most nontrivial models achieve clear separation above the ran-
dom baseline, indicating that early cascade prefixes contain measurable information about
downstream virality. The feature-based baselines perform competitively, confirming that
handcrafted temporal and structural descriptors provide strong early-warning signals.
Among the Transformer variants, the frozen node2vec model achieves the strongest AU-
ROC, which suggests that preserving graph-derived structural priors during training is
beneficial under short-prefix sparse supervision.

The most informative pattern is the behavior of graph-pretrained variants. The frozen
node2vec Transformer achieves the strongest AUROC among the reported Transformer
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configurations, whereas the trainable node2vec variant does not consistently improve over
random initialization. This asymmetry suggests that fine-tuning pretrained embeddings
on sparse cascade data may erode the topology-derived structural information rather than
refining it.

Figure 9. ROC curves for virality classification.

Figure 10 provides a complementary view of classification behavior under class imbal-
ance. Precision–recall analysis is particularly relevant because viral cascades represent a
smaller and more practically important subset of the evaluation data. The feature-fusion
variant with frozen node2vec embeddings achieves the highest AUPRC, indicating that
combining graph-structural priors with handcrafted temporal descriptors improves re-
trieval of viral cascades above what either source provides alone.

The contrast between ROC and precision–recall behavior is important. A model may
achieve competitive AUROC by ranking positive and negative cascades reasonably well
across the full score range, yet display weaker AUPRC if it assigns insufficiently high proba-
bilities to the positive class in the upper score region. The different orderings across metrics
confirm that no single model dominates all evaluation dimensions, and that the choice of
metric should reflect the specific operational requirement of the early-warning application.

Figure 11 summarizes the main test-set metrics across the six Transformer-variant
ablation configurations, making trade-offs across embedding strategies more explicit.
Within this ablation, the frozen node2vec Transformer achieves the strongest overall balance
across AUROC, Brier score, and log-size RMSE. The feature-fusion variant with frozen
embeddings achieves the highest AUPRC among the Transformer variants, indicating that
handcrafted feature injection is most effective when combined with a frozen structural prior.
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A comprehensive comparison including feature-based and additional neural baselines is
reported in Table 5.

Figure 10. Precision–recall curves for virality classification.

Figure 11. Metric comparison across baselines and Transformer variants. The dashed reference line
indicates the Random Forest baseline performance level.
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Table 5. Performance comparison of feature-based and neural model configurations. AUC and F1:
higher is better (↑); Brier, RMSE, MAE: lower is better (↓). Dashes indicate metrics not applicable to
that model type. Bold entries mark the best value in each metric column.

Model Type Structural Prior AUC ↑ F1 ↑ Brier ↓ RMSE ↓ MAE ↓
Logistic Regression Feature-based No 0.731 0.684 0.194 — —
Ridge Regression Feature-based No — — — 0.219 0.171
Random Forest Feature-based No 0.792 0.731 0.166 0.203 0.157
Random initialization Transformer Neural No 0.778 0.718 0.174 0.209 0.162
Causal Transformer w/o node2vec prior Neural No 0.805 0.742 0.158 0.198 0.153
Trainable node2vec Transformer Neural Yes, trainable 0.812 0.748 0.154 0.195 0.151
Frozen node2vec Transformer (proposed) Neural Yes, frozen 0.819 0.754 0.151 0.192 0.149

Feature-based baselines also remain highly competitive. Logistic Regression and
Random Forest achieve strong classification performance, confirming that early cascade
descriptors encode substantial predictive information in compact form. The performance
gap between feature-based models and Transformer variants is moderate rather than large,
which indicates that the Transformer’s advantage lies in its ability to jointly model sequence
structure and graph-derived user priors rather than in raw representational capacity.

The randomly initialized Transformer does not provide a uniformly superior alter-
native to feature-based modeling. Although its AUROC is competitive, its AUPRC and
log-size RMSE are weaker than those of the frozen node2vec variant. This result reinforces
the interpretation that graph pretraining, rather than the causal architecture alone, is the
key driver of Transformer-side improvements.

The feature-fusion variants reveal a more nuanced pattern. Fusion with frozen
node2vec embeddings achieves the highest AUPRC, but it does not dominate in Brier
score or RMSE. This suggests that explicit handcrafted descriptors improve positive-class
retrieval but may introduce calibration trade-offs that affect probability quality.

Figure 12 examines the regression component of the dual-head framework. The scatter
plots show that different models vary not only in aggregate RMSE but also in the way
they distribute predictions across the log-size range. Models with weaker regression
performance tend to produce compressed prediction ranges, assigning similar log-size
estimates to cascades with substantially different final sizes.

The frozen node2vec Transformer produces a more favorable balance between disper-
sion and error. Its predictions remain imperfect, particularly for extreme cascades, but the
scatter pattern indicates improved sensitivity to variation in cascade magnitude compared
to the randomly initialized variant. This improvement is consistent with the interpretation
that graph-pretrained embeddings provide richer user-level priors that help distinguish
cascades with different structural origins.

Figure 13 shows that training behavior differs substantially across embedding strate-
gies. Randomly initialized variants exhibit less stable validation behavior, with validation
BCE increasing or fluctuating after early training epochs, which is consistent with over-
fitting to sparse prefix sequences without structural regularization. The frozen node2vec
variant shows more stable validation convergence, supporting the interpretation that
frozen graph-pretrained embeddings act as a regularization mechanism under sparse
cascade supervision.
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Figure 12. True versus predicted log-final cascade size.

Figure 13. Validation dynamics under different embedding strategies.

The trainable node2vec setting does not fully preserve this advantage. When pre-
trained embeddings are freely updated under sparse prefix supervision, topology-derived
information may drift toward the cascade-specific training signal and lose part of the struc-
tural generalization capacity that the graph pretraining had established. This observation
helps explain why the frozen strategy outperforms the trainable variant despite the latter
having access to the same graph-pretrained initialization.

Table 5 provides a consolidated comparison of feature-based and neural model config-
urations across five metrics, addressing whether a causal neural architecture with graph-
pretrained priors is justified relative to feature-based approaches. Dashes indicate metrics
not applicable to a given model type: classification metrics (AUC, F1, Brier) do not apply to
the regression-only Ridge baseline, and regression metrics (RMSE, MAE) do not apply to
the classification-only Logistic Regression baseline.
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The pattern in Table 5 reveals a consistent improvement as structural priors are added
and preserved. The causal Transformer without any graph prior (AUC = 0.805) already
surpasses logistic regression (AUC = 0.731) and surpasses Random Forest (AUC = 0.792),
confirming that the causal sequence architecture itself contributes predictive value beyond
feature engineering alone at this prefix length. The random initialization Transformer
(AUC = 0.778) provides a lower neural reference point, underscoring the benefit of the
causal masking design. Adding the frozen node2vec prior further raises AUC to 0.819,
reduces Brier from 0.158 to 0.151, and reduces RMSE from 0.198 to 0.192, indicating that
graph-derived structural information provides consistent gains over both the unprimed
neural baseline and the feature-based alternatives.

Table 6 complements Table 5 by reporting effect sizes and statistical significance for
the frozen node2vec Transformer against all representative baselines across two metrics.
For AUC, effect sizes are absolute differences; for RMSE, negative values indicate lower
(better) error. Confidence intervals are bootstrap-based (1000 replicates) and p-values use
DeLong’s paired test for AUC and paired bootstrap for RMSE. Significance threshold:
p < 0.05.

The significance pattern in Table 6 provides an honest characterization of the frozen
node2vec Transformer’s advantage. Statistically distinguishable AUC gains are obtained
against logistic regression (+0.088, p = 0.004) and the randomly initialized Transformer
(+0.041, p = 0.018). For RMSE, a statistically significant reduction is obtained against the
randomly initialized Transformer (−0.017, p = 0.024). Against Random Forest, the trainable
node2vec variant, and the causal Transformer without a graph prior, confidence intervals
straddle zero and p-values exceed 0.05, indicating that the observed margins are within the
range of sampling variability at the test-set size used here. The pattern of three significant
comparisons out of nine reflects the moderate discriminative capacity available from a
short five-event prefix, and cautions against over-interpreting point-estimate rankings.
The graph-pretrained frozen prior provides reliable gains specifically against models that
lack structural user information, but the evidence does not support strong superiority
claims against competitive feature-based or structurally informed neural alternatives.

Table 6. Effect-size and statistical significance of the frozen node2vec Transformer against repre-
sentative baselines. AUC effect sizes are absolute differences (higher is better); RMSE effect sizes
are signed reductions (negative values indicate improvement). The 95% CIs are bootstrap-based
(1000 replicates). Significance threshold: p < 0.05.

Comparison Metric Effect Size 95% CI p-Value Sig.

Frozen node2vec vs. Logistic Regression AUC +0.088 [ 0.043, 0.132] 0.004 Yes
Frozen node2vec vs. Random Initialization AUC +0.041 [ 0.012, 0.073] 0.018 Yes
Frozen node2vec vs. Random Forest AUC +0.027 [−0.006, 0.058] 0.112 No
Frozen node2vec vs. Trainable node2vec AUC +0.007 [−0.018, 0.031] 0.438 No
Frozen node2vec vs. Causal Transformer w/o node2vec AUC +0.014 [−0.009, 0.037] 0.196 No

Frozen node2vec vs. Random Initialization RMSE −0.017 [−0.032, −0.003] 0.024 Yes
Frozen node2vec vs. Random Forest RMSE −0.011 [−0.027, 0.004] 0.137 No
Frozen node2vec vs. Trainable node2vec RMSE −0.003 [−0.014, 0.008] 0.521 No
Frozen node2vec vs. Causal Transformer w/o node2vec RMSE −0.006 [−0.019, 0.006] 0.284 No

4.5. Feature Fusion, Calibration, and Reliability

Feature fusion is useful only if it contributes information not already captured by
the causal Transformer representation. Calibration is equally important because an early-
warning model should provide not only good rankings but also reliable probability esti-
mates that reflect the actual likelihood of virality.
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Figure 14 shows that handcrafted descriptors remain informative for both virality
classification and log-final-size regression. The most important features are dominated by
root-user structural visibility, such as follower count and network degree, together with
temporal activity descriptors that characterize the speed and intensity of early diffusion.
These results confirm that the handcrafted feature set captures meaningful signals that are
relevant to both prediction tasks.

This pattern is consistent with the stochastic cascade interpretation. Root-level con-
nectivity represents prior exposure potential, whereas temporal descriptors summarize
the realized early diffusion pace. A cascade initiated by a structurally visible user and
exhibiting rapid initial growth is more likely to reach a virality threshold and to achieve a
large final size. The feature-importance results quantify this intuition and identify which
descriptors contribute most directly to early outcome estimation.

The feature-importance results also help explain the behavior of feature-fusion vari-
ants. Fusion improves AUPRC most clearly when combined with frozen node2vec embed-
dings, suggesting that engineered descriptors add information about macro-level diffusion
potential that the Transformer does not fully capture from token sequences alone. This
complementarity supports the use of feature fusion as an optional augmentation rather
than a replacement for causal sequence modeling.

Figure 14. Handcrafted-feature importance for virality and log-size prediction.

Figure 15 evaluates whether predicted virality probabilities are calibrated. The relia-
bility curves show that models with similar ranking performance can differ in probability
quality. Some variants display overconfident behavior at high predicted probabilities, while
others exhibit underconfidence in intermediate ranges. Temperature scaling reduces these
deviations for neural classifiers by adjusting logit scale post hoc without retraining.

The frozen node2vec Transformer exhibits comparatively favorable calibration behav-
ior, consistent with its low Brier score reported in Figure 11. In contrast, some feature-fusion
variants achieve strong AUPRC but display less reliable calibration, indicating that adding
handcrafted descriptors can shift the classifier toward more aggressive positive-class scor-
ing at the expense of probability accuracy.
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Figure 15. Reliability diagram for virality probability calibration.

Calibration analysis therefore refines the interpretation of model performance. Fea-
ture fusion can improve positive-class retrieval, as reflected by AUPRC, but probability
reliability is more closely associated with the underlying causal Transformer representation
and its structural regularization through frozen graph embeddings. For early-warning ap-
plications that require actionable probability estimates rather than merely ranked outputs,
calibration quality should be considered alongside ranking metrics when selecting among
model variants.

The combined evidence from feature importance and calibration leads to a more
precise conclusion. Handcrafted descriptors encode meaningful and interpretable early-
warning signals, especially those related to root-user network position and temporal diffu-
sion pace. These signals complement the graph-conditioned Transformer representation
and can improve positive-class retrieval through feature fusion. However, the overall relia-
bility of probability estimates is more strongly linked to the quality of the graph-pretrained
structural prior than to the richness of the handcrafted feature set. This finding supports
a modeling strategy in which graph pretraining provides the structural foundation and
handcrafted features serve as an optional supplement for specific evaluation objectives.
Supplementary pairwise significance tables, lead-time sensitivity analysis at varying prefix
lengths, and temperature scaling calibration results for all six Transformer variants are
detailed in Appendix A.

5. Discussion and Conclusions
5.1. Main Findings

This study developed a stochastic and graph-conditioned framework for early Twitter
cascade prediction. Retweet cascades were formulated as history-dependent stochastic
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processes over a finite user vocabulary, and a causal dual-head Transformer was used to
infer virality and log-final cascade size from short observed prefixes.

The empirical results show that Twitter cascade prediction is shaped by heavy-tailed
cascade sizes, irregular inter-arrival times, sparse user-token observations, and limited train–
test user overlap. These properties make exact user-level transition prediction unstable.
The MiniTransformer did not improve over the first-order Markov baseline on next-user
prediction, and Hits@K values remained extremely low, indicating that the bottleneck is
sparse repeated user transitions rather than model capacity.

The main prediction results indicate that graph-pretrained user embeddings provide
the most reliable gains when preserved as structural priors. The frozen node2vec Trans-
former achieved the strongest overall balance in AUROC, Brier score, and log-final-size
RMSE across both the Transformer-variant ablation (Section 4.4) and the extended baseline
comparison (Table 5). Within the Transformer-variant ablation, feature fusion with frozen
embeddings achieved the highest AUPRC, suggesting that handcrafted descriptors mainly
strengthen positive-class retrieval, whereas graph-derived embeddings improve global
reliability and size estimation.

The calibration analysis further shows that ranking performance alone is insufficient
for reliable evaluation. Models with similar AUROC may differ substantially in Brier
score, calibration behavior, and regression stability. Reliable early cascade prediction there-
fore requires discrimination, retrieval quality, probability calibration, regression accuracy,
and statistical uncertainty to be evaluated jointly.

Overall, the findings suggest that early Twitter cascade prediction is better understood
as a graph-conditioned stochastic inference problem than as a purely sequential prediction
task. Short prefixes provide limited temporal evidence, while social-graph priors supply
structural information that stabilizes inference under sparse observations.

5.2. Discussion and Future Work

The results indicate that increasing sequence-model capacity is not sufficient for early
cascade prediction. Under short-prefix conditions, a Transformer trained on supervised
cascade data alone may not learn stable user-level dynamics. The advantage of frozen
node2vec embeddings indicates that graph pretraining acts as a structural regularizer,
preserving information about user proximity and visibility that is otherwise difficult to
infer from sparse cascade prefixes.

Handcrafted features remain useful. Root-user visibility and early temporal activation
statistics provide interpretable early-warning signals. Their contribution is complemen-
tary rather than dominant: feature fusion improves positive-class retrieval but does not
consistently improve calibration or log-size regression.

Several limitations remain. The analysis is based on a single event-centered Twit-
ter dataset, and the observation window is relatively short. The root-grouped cascade
construction is reproducible but simplifies real diffusion, which may involve multiple
sources, repeated exposures, recommendation mechanisms, and cross-community rein-
forcement. The graph prior is also static; node2vec does not capture temporal changes in
user relations or activity. In particular, recurring multi-peak cascade dynamics arising from
community clustering structure [21] and the multi-relational nature of social interaction [22]
represent temporal and structural phenomena that a static single-layer graph prior cannot
fully characterize. The Higgs dataset itself contains retweets, replies, mentions, and fol-
lows, whereas the present study uses only retweets and follows; a multilayer network
framework would integrate these additional relation types and better reflect the full social
interaction structure.
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Future work should evaluate the framework across multiple platforms and event types,
such as Weibo, Reddit, MemeTracker, or multi-event Twitter datasets. More expressive
graph pretraining methods, including temporal graph neural networks, graph Transform-
ers, and contrastive graph representations, may provide stronger priors for sparse users.
Hybrid Hawkes–Transformer models could also combine interpretable temporal excitation
with graph-conditioned neural representations. Additional uncertainty methods, such as
conformal prediction, Bayesian ensembles, or distribution-shift-aware calibration, may
further improve reliability in real-time cascade monitoring.

In summary, effective early cascade prediction requires the joint use of stochastic
process formulation, graph-derived user priors, causal prefix encoding, and statistically
reliable evaluation. Graph-conditioned representations offer a promising direction for
modeling large-scale social diffusion under sparse and partial observations.
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Abbreviations
The following abbreviations are used in this manuscript:

Abbreviation Full Term
AdamW Adaptive Moment Estimation with Decoupled Weight Decay
AUROC Area Under the Receiver Operating Characteristic Curve
AUPRC Area Under the Precision–Recall Curve
BCE Binary Cross-Entropy
CE Cross-Entropy
CI Confidence Interval
ECE Expected Calibration Error
FFN Feed-Forward Network
GNN Graph Neural Network
LR Logistic Regression
MHA Multi-Head Attention
MLP Multilayer Perceptron
OOV Out-Of-Vocabulary
PPL Perplexity
RF Random Forest
RMSE Root Mean Squared Error
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ROC Receiver Operating Characteristic
RT Retweet
SE Standard Error

Appendix A
Note. The tables in this appendix report supplementary statistical analysis for the six

Transformer-variant ablation study corresponding to Figures 9–15 in the main text. All results
are computed under the same experimental settings as the ablation (six embedding-strategy
variants; prefix length K = 5 except where Table A2 varies K). The extended comparison
including feature-based and additional neural baselines is reported in Tables 5 and 6 of
Section 4, which follows a separate evaluation protocol; numerical results in the two evaluation
sets are not directly comparable.

Appendix A.1. Pairwise AUROC Significance: DeLong’s Test

Table A1 reports pairwise DeLong’s test results for all eight classifiers evaluated
on the test set. For each pair, the table lists the AUROC of each model, their difference
∆AUROC, the estimated standard error ŜE of the difference, the two-sided Z-statistic,
and the corresponding p-value. A difference is considered statistically significant at α = 0.05
(marked *). Pairs that are not significant at this threshold are marked NS. Because all models
are evaluated on the same test cascades, the DeLong estimator accounts for the positive
correlation between paired predictions.

Table A1. Pairwise DeLong’s test for AUROC on the held-out test set. Model A is always the higher-
AUROC variant. ŜE: estimated standard error of ∆AUROC. *: p < 0.05 (statistically significant at
α = 0.05); NS: not significant.

Model A Model B AUROCA AUROCB ∆AUROC ŜE Z Sig.

Mn2v-frz LR 0.775 0.748 +0.027 0.013 2.08 *
Mn2v-frz Mrand 0.775 0.751 +0.024 0.012 2.00 *
Mn2v-frz RF 0.775 0.762 +0.013 0.011 1.18 NS
Mn2v-frz Mn2v 0.775 0.764 +0.011 0.010 1.10 NS
Mfus-n2v-frz LR 0.771 0.748 +0.023 0.012 1.92 NS
Mn2v-frz Mfus-n2v-frz 0.775 0.771 +0.004 0.009 0.44 NS
RF LR 0.762 0.748 +0.014 0.012 1.17 NS
Mn2v Mrand 0.764 0.751 +0.013 0.011 1.18 NS
Mrand LR 0.751 0.748 +0.003 0.013 0.23 NS
Mfus-rand Mrand 0.757 0.751 +0.006 0.010 0.60 NS
Mfus-n2v Mn2v 0.769 0.764 +0.005 0.009 0.56 NS

Appendix A.2. Lead-Time Sensitivity at Varying Prefix Lengths

Table A2 evaluates how predictive performance changes as the observed prefix length
K increases from 3 to 10 events. All other experimental settings follow Section 3.4. For vi-
rality classification, AUROC and AUPRC are reported; for log-final-size regression, RMSE
on the log-scale target is reported (– indicates that the model does not produce a regression
output). Metrics are computed on the held-out test set at each prefix length independently;
bootstrap 95% confidence intervals (1000 replicates) are shown in brackets.
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Table A2. Classification and regression performance at prefix lengths K ∈ {3, 5, 7, 10}. CI: 95% boot-
strap confidence interval.

Model K AUROC [95% CI] AUPRC [95% CI] RMSE [95% CI]

Mn2v-frz

3 0.741 [0.698, 0.783] 0.588 [0.531, 0.642] 0.681 [0.641, 0.724]
5 0.775 [0.736, 0.812] 0.621 [0.567, 0.674] 0.604 [0.568, 0.641]
7 0.791 [0.754, 0.826] 0.639 [0.586, 0.690] 0.573 [0.538, 0.609]
10 0.803 [0.768, 0.836] 0.652 [0.601, 0.703] 0.551 [0.517, 0.587]

Mrand

3 0.724 [0.680, 0.768] 0.568 [0.511, 0.624] 0.712 [0.671, 0.756]
5 0.751 [0.710, 0.791] 0.601 [0.546, 0.655] 0.648 [0.609, 0.688]
7 0.762 [0.722, 0.801] 0.614 [0.559, 0.667] 0.619 [0.580, 0.659]
10 0.774 [0.736, 0.812] 0.623 [0.569, 0.677] 0.598 [0.560, 0.638]

Mfus-n2v-frz

3 0.738 [0.694, 0.781] 0.611 [0.554, 0.666] 0.694 [0.653, 0.737]
5 0.771 [0.732, 0.809] 0.660 [0.607, 0.711] 0.617 [0.579, 0.656]
7 0.786 [0.749, 0.822] 0.673 [0.621, 0.723] 0.587 [0.550, 0.625]
10 0.798 [0.762, 0.832] 0.681 [0.630, 0.731] 0.563 [0.527, 0.601]

LR (baseline)

3 0.728 [0.683, 0.771] 0.571 [0.514, 0.627] –
5 0.748 [0.706, 0.789] 0.589 [0.534, 0.643] –
7 0.757 [0.716, 0.797] 0.601 [0.547, 0.654] –
10 0.768 [0.729, 0.807] 0.613 [0.559, 0.666] –

Appendix A.3. Temperature Scaling Calibration Results

Table A3 reports calibration quality before and after temperature scaling for all six
Transformer variants. The scalar temperature T∗ is fitted by minimizing negative log-
likelihood on the held-out test set. Expected calibration error (ECE, B = 10 bins) and Brier
score are reported before calibration (raw) and after applying pi,T∗ = σ(ηi/T∗). Values
T∗ > 1 indicate overconfidence in the raw outputs; values T∗ < 1 indicate underconfidence.
The ECE reduction ∆ECE = ECEraw − ECEcal and Brier reduction ∆Brier quantify the gain
from post hoc calibration.

Table A3. Temperature scaling calibration results for all six Transformer variants. T∗: fitted scalar
temperature. ∆ECE and ∆Brier: absolute reduction after calibration.

Model T∗ ECEraw ECEcal ∆ECE Brierraw ∆Brier

Mrand 1.31 0.094 0.048 0.046 0.203 0.007
Mn2v 1.19 0.082 0.043 0.039 0.198 0.007
Mn2v-frz 1.12 0.058 0.031 0.027 0.182 0.004
Mfus-rand 0.88 0.087 0.051 0.036 0.201 0.006
Mfus-n2v 0.97 0.071 0.038 0.033 0.195 0.006
Mfus-n2v-frz 0.94 0.076 0.041 0.035 0.191 0.005

Several patterns are noteworthy. First, randomly initialized variants (Mrand, Mfus-rand)
exhibit the largest raw ECE values and require the strongest temperature correction, indi-
cating that the absence of graph-structural priors is associated with less reliable probability
outputs. Second, Mn2v-frz achieves the lowest raw ECE (0.058) and the smallest absolute cal-
ibration gain, consistent with the Brier score reported in the main results: a well-initialized
frozen prior naturally produces more calibrated logits. Third, feature-fusion variants
(T∗ < 1) are systematically underconfident in their raw outputs, reflecting the tendency of
additive feature injection to push predicted scores toward the positive class and thereby
underestimate low-probability events. Temperature scaling corrects this bias but does not
fully eliminate the calibration gap relative to the frozen non-fusion baseline.
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