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Abstract

[Purpose/Significance] To address the inadequacy of existing research on fully
automatic weak signal recognition, this study proposes a fully automatic weak
signal recognition method based on an LDA-BERT fusion model.

[Method /Process] The approach utilizes an unsupervised LDA topic model to
conduct topic classification on text datasets, constructs a dual-layer filtering
function for topics and terms to extract early warning signals from the topic
classification results, evaluates topic weakness through three metric functions:
closeness centrality, topic weight, and topic autocorrelation, and extracts weak
signals based on the normalized frequency and probability of terms within topics.
Finally, the BERT deep learning model is employed to expand the context of
weak signals and their similar words at the semantic level.

[Results/Conclusion] Using the severe outbreak event in early January 2021 as
a case study, the constructed system model is validated using social media news
datasets from the three months prior to the outbreak. Experimental results
indicate that the method can effectively detect relevant weak signals and reveal
the evolutionary characteristic of weak signals gradually intensifying over time.
Moreover, while achieving fully automatic weak signal recognition, this fusion
model demonstrates stronger result interpretability compared to single models.
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Abstract: [Purpose/Significance] To address the limitations in existing fully
automated weak signal recognition research, this paper proposes a fully auto-
mated weak signal identification method based on an LDA-BERT fusion model.
[Method/Process| Using the unsupervised LDA topic model, text datasets are
classified by topic. A double-layer filtering function for topics and terms is con-
structed to extract early warning signals from the topic classification results.
The “weakness” of topics is evaluated through three metric functions: close-
ness centrality, topic weight, and topic autocorrelation. Weak signals are then
extracted based on the normalized frequency and probability of terms within top-
ics. Finally, the BERT deep learning model is employed to expand weak signal
contexts and similar words from a semantic perspective. [Results/Conclusions]
Taking the COVID-19 outbreak in early January 2021 as an example, the con-
structed system model was validated using social media news datasets from the
three months preceding the outbreak. Experimental results demonstrate that
this method can effectively detect relevant weak signals and uncover their evo-
lutionary characteristic of gradually strengthening over time. Moreover, this
fusion model not only achieves fully automated weak signal identification but
also exhibits stronger result interpretability compared to single models.

Keywords: weak signals; LDA-BERT fusion model; COVID-19 epidemic Clas-
sification Number: G250 DOI: 10.13266/j.issn.0252-3116.2021.16.011

1 Introduction

In the era of big data, decision-making increasingly relies on the analysis of ac-
quired data and information rather than intuition and experience alone. Com-
petitive intelligence, as the foundation for data and information analysis, is cru-
cial for its acquisition, collection, and identification. Weak signals constitute an
important component of forward-looking research in competitive intelligence,
providing valuable references for decision-makers to predict future opportuni-
ties and risks. Like most information, weak signals are extracted from massive
datasets and form valuable intelligence through reasonable inference and connec-
tion. However, due to their predictive nature, they are also called early warning
signals. Ignoring weak signals means disregarding or even suppressing warning
signs that could prevent erroneous decisions—akin to running a red light while
driving, which inevitably leads to failure. Therefore, research on weak signal
identification holds practical significance for enabling decision-makers to timely
perceive market opportunities and threats and formulate management strategies
conducive to long-term development.

Currently, identifying weak signals and predicting future scenarios has become
a goal for many researchers. Numerous techniques have been used to gain maxi-
mum insight from words or documents, but most require assistance from human
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experts. Traditional topic modeling techniques have demonstrated their fully
automated capabilities. Consequently, this study employs a well-known topic
model: Latent Dirichlet Allocation (LDA). LDA is an unsupervised machine
learning technique that can operate independently based on input document col-
lections and specified topic numbers without requiring manually labeled training
sets, enabling fully automated extraction of topics and corresponding keywords
from datasets during weak signal identification.

However, LDA topic model extraction results are not all weak signals; they
also include strong signals with clear classification orientation and noise signals
that cannot reveal specific meanings. Therefore, further filtering is needed to
detect hidden, important words identified as weak signals. Meanwhile, due to
the rare characteristics of weak signals, the number of extracted weak signals
is limited. To enable sufficient automated detection of weak signals, this study
proposes a weak signal fully automated identification method based on an LDA-
BERT fusion model. This approach constructs topic and term double-layer
filtering functions to extract early warning signals from LDA topic classifica-
tion results, evaluates topic weakness through three metric functions (closeness
centrality, topic weight, and topic autocorrelation), and extracts weak signals
based on normalized frequency and probability of terms within topics. Finally,
to compensate for LDA’ s bag-of-words limitations and enhance model result in-
terpretability, the BERT method is applied to predict contexts for each filtered
topic document, obtaining more words semantically related to weak signals.

2 Related Research

The concept of “weak signals” was first proposed by H. Igor Ansoff in 1975,
defined as “symptoms of future possible changes.” He considered weak signals
as incomplete warnings from external or internal sources whose impacts cannot
be accurately estimated. Organizations must prepare in advance to respond to
signs of potential threats and opportunities in uncertain environments. Subse-
quently, scholars such as B. Coffman, P. Rossel, and S. Mendona supplemented
the concept, identifying weak signals as: difficult to track and distinguish from
noise; trivial and easily overlooked yet potentially impactful; and early clues to
future changes and trends.

Chinese research on weak signals started later but has offered profound insights.
Shen Guchao argued that weak signals enable early judgment of future trends
through observation of signs in an organization’ s competitive environment and
analysis of industry personnel opinions. Shan Bin summarized four reasons for
the “weakness” of weak signals: (1) few perceivable weak signals; (2) difficulty
capturing effective information; (3) coexistence of misleading or false signals
with effective information; and (4) limited cost and energy for signal collection.
Zhao Xiaokang noted four main characteristics: gradual prominence during
development; increasing certainty; progressively enriched effective information;
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and continuously enhanced intelligence value as decision-making basis.

Currently, weak signal identification lacks automation, with most research re-
lying on manual input or expert opinion. For instance, I. Griol-Barres et
al. used heterogeneous and unstructured information from scientific, news, and
social sources for quantitative weak signal detection, applying multi-word co-
occurrence analysis to manually selected keywords and extracting accurate re-
sults through natural language processing. J. Yoon proposed a text mining-
based weak signal topic identification method under the premise of expert-
provided keywords, demonstrating feasibility through web news reports on solar
cells. Deng Shengli et al. quantitatively identified weak signals through Analytic
Hierarchy Process and membership functions under expert-given coefficients.
These methods require substantial manual effort and yield results with strong
subjective characteristics.

Meanwhile, scholars have endeavored to apply techniques such as deep learn-
ing and neural networks for predictive analysis of increasingly abundant online
text data. Natural Language Processing (NLP) can effectively extract insights
from text data, with word embedding technologies accurately capturing word
similarity and context-based prediction. B. DienAdj et al. proposed an embed-
ded topic model combining conventional topic models with word embeddings,
though these techniques provide better results with labeled data compared to
unlabeled data. In weak signal detection from web articles, text data typically
lacks labels, making deep learning-based NLP techniques unable to ensure com-
plete automation of the weak signal detection process.

Fully automated weak signal detection research remains in its infancy, with
limited papers and projects. Topic models are widely applied for hidden infor-
mation detection in fully automated identification processes. For example, L.
Pépin used dynamic LDA to detect weak signals by applying LDA algorithms
to texts from different time periods and using visualized scatter plots of topic
evolution to detect weak signals. T. Gutsche proposed a method for automatic
weak signal detection and forecasting using dynamic topic modeling and time
series analysis, achieving good results. This study follows the same fully auto-
mated approach, selecting LDA to extract topics and corresponding keyword
information from social media news datasets. Since LDA results include strong
signals and noise signals besides weak signals, further filtering of LDA extraction
results is necessary. Additionally, Zhuang Muni et al. noted LDA’ s bag-of-words
limitation: in LDA, a document is merely a collection of words without sequen-
tial order, making it difficult to incorporate contextual information effectively.
To address this, J. Maitre et al. proposed enhancing LDA with Word2Vec to ob-
tain more weak signal-like words. However, L. Kahyun et al. found that BERT
better captures semantic and grammatical complexity and is more helpful for
polysemy resolution when comparing Word2Vec and BERT algorithms in NLP,
making it superior for LDA model enhancement.

In summary, current weak signal identification methods have limitations, pri-
marily relying on human experts during extraction and identification, lacking
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research on fully automated weak signal identification, yielding limited extrac-
tion results, and having low interpretability and suboptimal early warning ef-
fects. Therefore, to achieve fully automated weak signal detection, compensate
for LDA’ s bag-of-words limitations, and enhance model result interpretability,
this study introduces the BERT model for further processing and analysis of
LDA extraction results, constructing an LDA-BERT fusion model. This model
performs double-layer deep filtering on topics and terms while semantically ex-
panding extracted weak signals to achieve better weak signal identification re-
sults.

3 Weak Signal Automatic Identification Method Frame-
work

3.1 Method Overview

To reduce human expert intervention, this study designs a fully automated weak
signal identification method using unsupervised text mining techniques related
to topic modeling. LDA is commonly used to extract trending topics from text
datasets. Unlike keyword-based weak signal detection research, topic models
consider word meanings rather than words themselves. This paper employs
the LDA topic model to find topics that may lead to weak signals but does
not accept that all topics contain weak signals or that all terms within topics
are weak signals. Besides weak signals, strong signals with clear classification
orientation and noise signals without specific meaning still exist. Therefore,
this paper proposes a double-layer filtering model for topic and term filtering to
extract only potential weak signals.

The topic filtering model constructs a topic weakness evaluation function based
on closeness centrality, topic weight, and topic autocorrelation to extract topics
potentially containing weak signals. The term filtering model further extracts
weak signal-related terms from these topics, primarily relying on normalized
frequency and probability of terms within topics. However, due to the rare
characteristics of weak signals, the number of extracted weak signals is small,
making it difficult to discover their associations and resulting in low model in-
terpretability. To solve this problem, referencing J. Maitre et al.’ s method
of enhancing extraction results with Word2Vec, this study adopts the superior
BERT deep learning model to semantically expand weak signals comprehen-
sively from context, obtaining more interpretable early warning information.

The method framework is as follows: (1) Data collection: This study collects
social media news content over a period as input for weak signal identification
research. (2) Weak signal identification: Includes data preprocessing and weak
signal filtering. Data preprocessing involves stop-word removal and tokeniza-
tion of collected text sets. Weak signal filtering includes using the LDA topic
model to identify topics and filtering extracted topics and terms to find poten-
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tial weak topics and weak signals. (3) Weak signal output: The BERT model
word embedding is used to enhance identified weak signals and output them.
The process is shown in Figure 1 [Figure 1: see original paper].

3.2 Data Collection and Preprocessing

In weak signal identification tasks, text dataset quality directly affects weak
signal detection accuracy and foresight. This study uses Python tools for data
collection and preprocessing, with basic steps as follows:

(1) Text data collection: Using web crawler technology to collect news data
from the internet over a period. This study focuses on social media news
due to its wide dissemination, strong timeliness, and fast propagation
speed, making it optimal data for weak signal identification.

(2) Text set cleaning and tokenization: The collected news dataset is cleaned
based on a Chinese stop-word list to filter out irrelevant, meaningless, and
non-text information. The jieba tool is used for tokenizing cleaned data,
producing a dataset ready for system input.

3.3 Weak Signal Automatic Identification Based on LDA-BERT Fu-
sion Model

3.3.1 LDA Topic Model Training The LDA topic model, also known as
Latent Dirichlet Allocation, finds latent and hidden information from text col-
lections by maximizing word co-occurrence probability under a predetermined
number of topics. For example, words like “football” and “sport” always co-
occur and can be categorized under sports. D.M. Blei et al. demonstrated that
LDA effectively extracts document topics. The main challenge of LDA is deter-
mining the optimal number of topics k: too many topics lead to insufficiently
concentrated distributions with high inter-topic similarity, while too few topics
result in overly broad content without clear classification orientation. Hyper-
parameters « and [ represent document-topic density and word-topic density,
respectively, playing important roles in establishing consistency between topics
and terms.

Current mainstream methods for determining optimal topic number k include
perplexity and coherence methods. Smaller perplexity values indicate better
topic classification results, but Zhao Kai et al. found that perplexity values
gradually decrease with increasing topic numbers, making it difficult to confirm
the optimal k. Meanwhile, Huang Jiajia et al. proposed using coherence meth-
ods to balance topic quality, finding that topics extracted thereby have higher
interpretability. This study follows this approach, applying the topic coherence
measure ¢_v proposed by [?] to determine the optimal topic number.

To find the model with highest coherence, this study uses the control variable
method, changing only the topic number k value per run while keeping other pa-
rameters constant. The ¢_ v value is used as the coherence measure, determined
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based on sliding window, normalized pointwise mutual information (NPMI), and
cosine similarity, returning the topic number k with highest coherence as the
optimal model result.

3.3.2 Topic Filtering The topic filtering function proposed in this section
helps evaluate the likelihood of topics containing weak signals and filters topics
extracted by the LDA topic model. This method is derived from the Logis-
tic function, commonly used to illustrate population progress and growth but
employed in linguistics to model language change. A marginal term’ s propa-
gation speed increases over time, but if it is a weak signal, it remains marginal
after propagation speed increases. Based on this, this study creates a topic
weakness evaluation function from two aspects: topic distribution characteris-
tics and topic development characteristics, mining inherently weak topics that
show weak association with other topics, low proportion in topic distribution,
and long-term marginal status in development.

Three metric functions are defined to determine topic weakness: closeness cen-
trality, topic weight, and topic autocorrelation function.

(1) Closeness centrality represents similarity through inter-topic distances.
Many distance metrics can calculate similarity, such as Jaccard distance,
cosine distance, and Hellinger distance. L. Pépin et al. found that distance
measurements showing S-shaped changes most effectively represent text
similarity. Based on this principle, this paper uses Hellinger distance to
calculate topic 7’ s closeness centrality CC(z), where h represents Hellinger

distance:
CC(z) =Y h(zz)

(2) Topic weight: Consistency among relevant topics within a model repre-
sents topic meaning assignment. Therefore, this paper defines topic z' s
weight value W based on topic z° s consistency and the sum of all topics’
consistency, where Coh(z) represents topic z° s consistency magnitude:

Coh(z)

W = otz

(3) Autocorrelation: Autocorrelation is a prevalent data trend analysis tool.
Trend analysis predicts future possibilities based on historical data, quan-
tifying and explaining trends and patterns in chaotic data over time. Au-
tocorrelation describes relationships between the same variable across dif-
ferent periods, i.e., linear correlation between variable values and their
lagged values. In news datasets, document frequencies related to certain
topics change over time, so each topic’ s autocorrelation across days helps
filter topics potentially not containing weak signals. The autocorrelation
function AC is defined as follows, where Cov(z)_k is topic z’ s covariance
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at lag k, and Var(z) is topic 2z s variance:

o =Gt

Using these three metric functions, the topic weakness evaluation function WK
is constructed. Lower function values indicate weaker terms within topics, but
when sufficiently low, they may be defined as noise. The weak function for topic
z is defined as:

_ W(z) xCC(z)
W) = (A )

According to weak signal definitions, rarity is the main characteristic, and their
movement is slow over time. Therefore, only topics corresponding to low WK
function values are identified as weak topics. Based on the Pareto principle,
weak signal information does not exceed 20%, and human experts define the
noise threshold range as 0% to 2%, representing the probability of meaningless
words in text. This paper decides to ignore low WK function values and defines
new screening thresholds: noise below 1%, weak signals below 15%. Text signal
distribution is shown in Figure 2 [Figure 2: see original paper].

3.3.3 Term Filtering While the defined topic filtering function can extract
topics potentially containing weak signals, not all terms within these topics are
weak signals. This section explores how to effectively extract weak signals from
these terms. J. Chuang proposed uniqueness and saliency as term measurement
criteria to judge information conveyed by terms in certain topics for understand-
able topics. Research found that saliency, generated by the difference between a
word’ s probability of being generated by latent topics and the topic’ s marginal
probability, is the product of overall frequency and uniqueness. Meanwhile, C.
Sievert et al. sought the most relevant terms within topics through inter-term
correlation, achieving better results than probability indicators.

Based on term probability within topics and correlation between terms and
topics, this study proposes a new term filtering function PW(w), where NF(w)
is term w’s normalized frequency in topic z, and ¢(w) represents term probability
in topic w:

NF(w)

T 1+ exp(—(g(w) x log(¢(w))))

As described in Section 3.3.2, weak signals are rare; thus, this paper only extracts
items with PW function values between 1% and 15%.

PW (w)

3.3.4 Weak Signal Output Under the two-layer filtering of topic and term
filtering functions, weak signals can be well identified and extracted. How-
ever, result analysis and understanding are also crucial. Due to weak signals’
rare characteristics leading to limited extraction, to further obtain words re-
lated to extracted weak signals and improve model interpretability, this study
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uses the BERT deep learning model to enhance weak signal extraction results.
BERT (Bidirectional Encoder Representations from Transformers), introduced
by Google in 2018, uses the Transformer algorithm as its main framework to bet-
ter capture bidirectional relationships in sentences. Through multi-task training
objectives of Masked Language Model (MLM) and Next Sentence Prediction
(NSP), the model achieves new heights in performance.

The BERT model structure is shown in Figure 3 [Figure 3: see original paper]. In
the figure, Trm represents a Transformer encoder unit, CLS is a global vector
indicating text start, SEP is a text separator, and MASK is a masked word.
Each extracted weak signal word is treated as a vector to reconstruct word
context, making words sharing common contexts in the corpus semantically
close in space and expanding weak signals similar to extraction results. After
inputting weak signal d_i{w_{ij}|j {1,2,~-,m}} into the BERT model, each
character in the weak signal is first vectorized into w_ {ij}(w+0+ ) across three
dimensions: word vector (w), text vector (4), and position vector ( ), then passed
into the bidirectional Transformer encoder, finally outputting the vector set d’
i={w {ij}lj {1,2,+,m}} that fuses full text semantic information.

This method resembles Word2Vec’ s Skip-gram model, which predicts context
information based on current words, but differs in that BERT considers more se-
mantic and grammatical aspects than Word2Vec, with richer and more complete
corpora, making it superior for word semantic expansion. Following previous
scholars’ research, this paper uses Google pre-trained set Fine-tuning, inputting
each filtered weak signal into the BERT model. After training, it outputs a
highly similar word list to the extracted weak signals, highlighting associations
between weak signals extracted from news datasets and enhanced weak signals,
obtaining stronger model interpretability.

4 Empirical Research

Weak signals occupy an important position in competitive intelligence, and
many enterprises consider weak signal identification as a key development goal.
This study applies the proposed LDA-BERT fusion model-based weak signal
automatic identification method to social media news from Weibo and other
platforms to detect early warning information for the COVID-19 outbreak in
early January 2021. Using web crawler tools, 14,486 social media news articles
were collected from November 1, 2020, to January 10, 2021. Python open-source
libraries including jieba, Gensim, and others were used for tokenization, topic
modeling, and natural language processing.

4.1 LDA Topic Model Training Results Analysis

To find the optimal topic number k for the best topic model, this study used
Gensim’ s LdaModel module and pyLDAvis visualization tool, comprehensively
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evaluating different topic numbers through coherence measure ¢_ v values and
topic distribution conditions.

First, LDA topic modeling was performed on the preprocessed social media news
dataset from November 1, 2020, to January 10, 2021. Second, the control vari-
able method was used to measure coherence measure ¢ v values under different
topic numbers k, with k ranging from 1 to 50. Finally, the optimal topic number
k for the LDA topic model under the social media news dataset was selected by
comprehensively analyzing coherence measure ¢_ v values and topic distribution
conditions under different k values. Model results are shown in Figure 4 [Figure
4: see original paper].

Higher topic model consistency indices indicate better classification results. As
shown in Figure 4, when topic number k is 5 or 9, the model achieves higher
consistency values. By comparing topic distribution conditions under different
k values, when consistency indices are low (e.g., k = 20, 34, 50), topic distribu-
tion appears uneven with large inter-topic size differences. Therefore, through
comprehensive analysis of consistency measure ¢_ v values and topic distribu-
tion conditions, this paper determines the optimal topic number k for the social
media news dataset to be 9.

4.2 Topic Filtering Results Analysis

For the nine topics extracted by the LDA topic model, the weakness of topics is
evaluated through three metric functions—closeness centrality, topic weight, and
topic autocorrelation—to filter out topics potentially containing weak signals.

This section first calculates Hellinger distances between each topic and all other
topics, obtaining a 9$x$9 distance matrix to measure topic closeness central-
ity. Second, Gensim library is used to measure each topic’ s daily document
frequency, with partial data shown in Table 1 . Finally, topic autocorrelation
functions are calculated based on all topics’ daily document frequencies, where
determining the lag period is critical. Generally, non-overlapping time series
have lower autocorrelation than overlapping sequences, and less overlapping
data yields lower autocorrelation. Since most trend analysis samples do not
overlap, observing longer lag periods is beneficial.

Figures 5 [Figure 5: see original paper|, 6 [Figure 6: see original paper], and
7 [Figure 7: see original paper| show topic filtering results for November 2020,
December 2020, and January 2021, respectively. Shaded areas indicate topic
filtering results potentially containing weak signals, with WK function values
above 1% but below 15% of the result set.

In weak signal detection, this study aims to minimize topic filtering function
values, i.e., maximize the denominator of the WK function. Therefore, a higher
lag period is set to reduce overlapping periods between time series, minimizing
the autocorrelation function AC. Thus, half of the observed data period is se-
lected as the optimal time lag for the autocorrelation function, setting the lag
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period to 15 days.

Using monthly observation cycles, three topics (T3, T7, T9) potentially contain-
ing weak signals are extracted from nine topics each month through the topic
filtering function. However, not all terms within these topics are weak signals,
so term filtering functions will further extract weak signals from them.

4.3 Term Filtering Results Analysis

The LDA topic model groups and ranks terms based on their occurrence prob-
ability within each topic. To capture weak signals within topics as much as
possible, sufficient terms must be obtained from topics. Therefore, based on
topic filtering results, 500 terms are extracted from topic T7 (November 2020),
topic T3 (December 2020), and topic T9 (January 2021), with each term’ s
document frequency calculated. Term filtering functions are then applied to
extract weak signals from them. Tables 2 , 3 , and 4 list weak signal extraction
results for topics T7, T3, and T9, respectively.

Some words in the tables already show relevance to the outbreak. To enhance
model interpretability, the BERT algorithm is applied to predict contexts for
filtered terms, maximizing target word probabilities.

4.4 Weak Signal Extraction Results Analysis

This study aims to mine weak signals related to the COVID-19 outbreak in early
January 2021. Therefore, social media news from the three months before the
outbreak is used as the weak signal extraction dataset to gain maximum insight
from social media news collections. To compensate for LDA’ s bag-of-words
limitations, obtain more words related to extracted weak signals, and enhance
model result accuracy and interpretability, this study uses BERT deep learning
to semantically expand filtered terms from context, endowing weak signals with
more contextual information and similar words.

This study uses successful mining of early warnings for the outbreak as validity
testing for the weak signal identification model. The word “continuous”in Table
2 is slightly relevant to the research content. After expansion, important weak
signals such as “intensify,” “rebound,” “deteriorate,” and “disease” were discovered.
The specific expansion list is shown in Table 5 .

Combined with the actual outbreak background, starting January 10, 2021,
asymptomatic infections increased sharply in Hebei and gradually spread to
surrounding cities, plunging China’ s epidemic situation back into crisis. Among
extracted weak signals, early warnings related to epidemic development were
discovered. For example, in December 2020 topic T3 filtered terms, weak signals
like “continuous,” “deteriorate,” and “increase” began shifting toward words
like “outbreak,” “infection,” and “resurgence.” By early January 2021, topic T9
filtered weak signals had become “urgent,” “severe,” “threat,” etc. The “Diagnosis
and Treatment Protocol for Novel Coronavirus Pneumonia” clearly states that
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the virus fears high temperatures—i.e., it is heat-sensitive but cold-resistant.
Lower temperatures make epidemic situations difficult to control, a key factor
in outbreak resurgence. Weak signal extraction results including “temperature”
and “frozen” also foreshadowed the outbreak from temperature drop and virus
transmission perspectives.

Furthermore, weak signal evolution over time shows two trends:

(1) Strengthening of early weak signals: As time progresses, some weak
signal words show enhanced predictive degree. For example, “vaccine”
extracted from T7 in November 2020 and “infection” from T9 in Jan-
uary 2021 establish relevance to epidemic and infectious diseases with
transmission characteristics. Combined with weak signals indicating de-
velopment degree like “outbreak,” “deteriorate,” and “resurgence,” they
demonstrate early warnings of deteriorating epidemic situations. These
warnings strengthen over time, with signals like “severe” and “threat”
in January 2021 T9 directly indicating severity. Decision-makers should
comprehensively consider development trends over time. Upon discover-
ing negative weak signals related to outbreak resurgence, timely response,
protection, and control measures should be taken to ensure public safety.
For positive weak signals like “potential” and “upgrade” from November
2020 T'7, “capital” and “opportunity” from December 2020 T3, and “rise”
and “innovation” from January 2021 T9, organizations should leverage
them to explore future markets and grasp favorable policies.

(2) Similar words to weak signals: As mentioned, weak signals’ rare
characteristics lead to limited extraction, increasing difficulty in analyz-
ing their association with future possibilities. Using BERT deep learn-
ing can greatly enrich detected weak signals. For example, “increase”
and “strict prevention” from November 2020 T7 both expand to epidemic-
related weak signals like “disease” and “epidemic,” warning of early signals
for outbreak resurgence. Such weak signals are further derivations of orig-
inally extracted weak signals, no longer limited by the original dataset
but diverging weak signal associations through deep learning algorithms,
achieving the transition from abstract weak signal description to concrete
matters.

In summary, the LDA-BERT fusion model-based weak signal identification
method proposed in this study effectively detects weak signals in social media
news datasets from November 2020 to January 2021. Comprehensive analysis
and understanding reveal that some weak signals gradually strengthen seman-
tically over time, providing beneficial references for predicting the outbreak
situation in early January 2021.

This model solves problems of high manual participation and strong subjec-
tivity in current weak signal identification research, achieving fully automated
weak signal detection and greatly reducing human expert time and costs. The
LDA-BERT fusion model and double-layer filtering function are proposed to
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reasonably expand weak signals semantically while ensuring only relevant weak
signals are extracted, yielding highly interpretable results and providing new
methods and ideas for weak signal detection in intelligence collection.

The method has the following advantages: (1) Generalization: Extracted weak
signals are not specific to particular domains or topics but are warning informa-
tion deserving attention within specified timeframes, allowing decision-makers
to select relevant weak signals based on their needs. (2) Automation: No
human intervention or keyword assistance is required during weak signal extrac-
tion; the method automatically detects weak signals from text. (3) Scientific
rigor: The innovative double-layer filtering function filters topic classification
results, avoiding manual screening subjectivity and making the process more
scientific and standardized.

However, this study still has some limitations: (1) Since both weak signals and
noise share characteristics of being ambiguous in meaning and slow-moving, text
denoising is not fully accomplished. (2) While this study effectively filters some
text noise by setting longer lag periods using autocorrelation, it may also filter
out some valuable weak signals, preventing completely lossless extraction from
text collections. Future research will focus on text denoising in weak signal
identification to provide more accurate early warning information for decision-
makers.
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