Supplementary Material

Latent Dirichlet Allocation (LDA) Probabilistic Model

In this study, we employed the Latent Dirichlet Allocation (LDA) probabilistic model for topic modeling. The optimal number of topics was determined using the built-in `ldatuning` method, with stop words and compound words iteratively adjusted based on the modeling results to ensure coherence. LDA is a widely established unsupervised probabilistic model based on Bayesian inference. Its primary function is to extract latent themes from large-scale, complex text corpora and characterize each theme with specific terms, thereby capturing key textual information [1]. LDA structures text content into three layers—documents, topics, and words—and represents each document as a distribution of topics:

      (1)

Where , t, and  represent words, topics, and documents, respectively. This process can be further expressed as:

    (2)

Here, denotes the length of document , and  is the topic generated by document . 
To estimate the LDA model, we selected the Gibbs sampling method based on Markov Chain Monte Carlo (MCMC).

Topic Significance Ranking (TSR)

Following the criteria outlined by [2], we utilized the Topic Significance Ranking (TSR) score to assess topic quality. TSR is an unsupervised analysis method for Probabilistic Topic Models (PTM) that employs a four-stage weighted combination decision strategy to evaluate inferred topics and assess their semantic meaningfulness. By integrating information from multiple criteria, it forms a single evaluation metric based on a Weighted Linear Combination (WLC) decision strategy. WLC is a common technique in Multi-Criteria Decision Analysis. Each topic is evaluated using the following formula:

      (3)

Where  is the number of distinct metrics,  denotes the weight of the metric in the total score, and  is the score of the k-th topic for the m-th metric. We implemented a four-stage weighted combination approach. Since scores  and weights  are calculated based on different scales and criteria, metrics must be normalized prior to combination.

Phase 1: Normalization Procedure
In the first phase, a "normalization procedure" converts each distance metric from its raw value into two standardized scores: a relative distance score and a weight value. Two normalization procedures are used to calculate score  and weight . First, scores are rescaled based on their weight within the total score across all topics (Equation 4). Second, a range-based normalization is applied using minimum and maximum scaling points, as shown in Equation (5):

         (4)

         (5)

Where  and  represent the minimum and maximum distance values measured by metric m under criterion C, where  (KL divergence, correlation coefficient, and cosine dissimilarity).

Phase 2: Intra-Criterion Weighted Linear Combination
To compute ranking significance, distinct measures are combined into a single value. In this stage, a WLC of the standardized scores for distance metrics is performed for topic rankings. The WLC score for topic  under criterion C is given by Equation (6):

       (6)

Where , and  are the standardized scores for the three distance metrics.

Phase 3: Inter-Criterion Weighted Combination
In the third phase, the scores calculated in Phase 2 undergo a Weighted Combination (WC). Two distinct WC methods are used to combine scores and weights. The first method, based on Equation (7), uses the standardized score of the background criterion as weights for uniformity () and vacuity ().

                (7)

Where  and  are the weights for uniformity and vacuity criteria, respectively;  is the weight of the topic background.

The second method is executed based on the score range normalization procedure. This is achieved using the WLC formula, as follows:

         (8)

Phase 4: Topic Significance Score
The final ranking is derived from the total topic score and the normalized weights. Consequently, the final topic ranking is calculated as:

           (9)

Burst Detection Algorithm

The Burst Detection algorithm, proposed by Kleinberg [3], is a method for identifying periods of anomalously frequent events in time-series data. It is based on the premise that time-series data can be modeled as transitioning between multiple states, where each state corresponds to a different probability of the target event. In this implementation, we consider two states: a baseline state and a burst state.
The baseline probability is defined as:
       (10)
Where R is the total number of target events (e.g., expression levels of a specific gene across all time points), and D is the total number of all events.
The burst state probability is defined as:
            (11)
Where  is a user-defined parameter controlling the divergence between the burst state and the baseline state.
The algorithm determines the optimal state sequence by minimizing a cost function composed of two components:

1. Fitting Cost (σ): Measures the divergence between observed proportions and expected probabilities.
      (12)
2. Transition Cost (τ): Measures the difficulty of transitioning from the previous state to the next.
           (13)

[bookmark: _GoBack]Where  is the number of time points, and  represents the cost of transitioning to a higher state. The total cost of transitioning between states is the sum of these two functions. With the cost function defined, the optimal state sequence q—which best explains the observed proportions—is identified using the Viterbi algorithm.
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