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Predicting public opinion trends during major infectious disease outbreaks is critical for guiding effective public
health responses. However, predicting public opinion remains challenging because it is influenced by socio-
economic, psychological, and media factors. This paper presents a novel framework for predicting public opin-
ion trends related to significant infectious diseases, with a focus on COVID-19 as a case study. The proposed
framework identifies the key factors influencing public opinion development and enables both point and inter-
val predictions. The framework uses information ecology theory and applies the NSGA-II algorithm to select
the features that best drive public opinion trends. By incorporating this framework, accurate point forecasts
are produced alongside prediction intervals, effectively quantifying the uncertainty inherent in public opinion
dynamics. This approach minimizes the quality-driven loss function to generate precise prediction intervals,
providing decision-makers with critical insights into public opinion fluctuations during epidemics. The results
offer valuable, real-time public sentiment warnings, supporting timely and effective interventions in epidemic
prevention and control efforts.

1. Introduction

In recent years, the world has witnessed an increase in public health
emergencies, particularly large-scale outbreaks of infectious diseases
such as COVID-19 (Mikulic & Baumgartner, 2025). These outbreaks pose
serious threats to public health, economic stability and social order. Dur-
ing such crises, individuals increasingly rely on social media platforms
such as Weibo to receive real-time information about the pandemic (Li
et al., 2024; Liu et al., 2024). The widespread use of these platforms
increases the reach and speed of information dissemination, potentially
exacerbating extreme sentiments and crisis events (Kellner et al., 2023).
To mitigate the negative impact of online public opinion during epi-
demics, it is essential to accurately predict trends in public sentiment
and manage public emotions to promote constructive discourse. Real-
time forecasting enables governments to respond quickly, implement
policies effectively, and maintain public trust during crises (Gizelis &
Karim, 2024; Yao et al., 2024).

* Corresponding authors.

Understanding the factors that shape online public opinion is key
to predicting future sentiment trends (Kumar & Taylor, 2024; Subrama-
nian et al., 2024). Several researchers have analyzed the variables that
influence the evolution of public opinion during infectious disease out-
breaks. For example, Liu and Fu (2022) found a correlation between the
severity of an epidemic and public opinion risk, while Su et al. (2023)
examined how public discussion and spatial factors influence opinion
dynamics. Other studies have investigated the mechanisms underlying
the spread of public discourse. Wang et al. (2022) applied information
ecology theory to model public opinion as a dynamic system consist-
ing of three elements: information, the informant, and the information
environment. However, much of this prior research focuses on content
analysis and evolutionary trends without systematically examining the
various factors that influence the underlying mechanisms of public opin-
ion dissemination during epidemics.

Extracting key features from various information sources is essential
for building predictive models of public opinion. Feature selection is a
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multi-objective optimization problem that aims to maximize model per-
formance while selecting the optimal combination of features (Eshkiti
et al., 2023). Among the available approaches, multi-objective genetic
algorithms, such as NSGA-II, have proven to be effective in solving com-
plex optimization problems, especially in time series feature selection
(Espinosa et al., 2023; Jiménez et al., 2017).

Predicting trends in public opinion is inherently a time series fore-
casting problem. Scholars have made significant progress in this area
by developing predictive models for public opinion related to infectious
diseases. Mahdikhani (2022) predicted public interest on Twitter during
the COVID-19 pandemic, and Xu et al. (2023) improved model accuracy
by identifying factors that drive fluctuations in public opinion. However,
most existing models focus on point predictions, which provide a single,
deterministic value but fail to account for uncertainty in future opinion
trends Du et al. (2022), Yan et al. (2022). This oversight is problematic
because the uncertainty associated with public opinion can affect the
precision of strategic responses, particularly in volatile epidemic situa-
tions. It is therefore critical to address this gap by incorporating uncer-
tainty into public opinion forecasting through interval forecasting (Chen
et al., 2024; Yan et al., 2024).

Interval forecasting provides a comprehensive approach to quanti-
fying the uncertainty in public opinion trends, providing both upper
and lower bounds on predictions (Nix & Weigend, 1994). This can be
achieved through indirect methods, which assume specific error distri-
butions, or direct methods, which model prediction intervals from the
data itself without distributional assumptions (Simhayev et al., 2022;
Xue et al., 2024). The latter has become increasingly popular due to
its flexibility and efficiency. Recently, scholars have proposed models
that simultaneously generate point estimates and prediction intervals
without increasing computational complexity (Salem et al., 2020). Ap-
plying these methods to predict public opinion trends during infectious
disease outbreaks can help decision-makers better anticipate shifts in
public sentiment and take pre-emptive action.

In this study, we aim to advance the understanding of the spread
of public opinion during infectious disease outbreaks by introducing
a novel predictive framework. Our approach uses information ecology
theory to identify key factors influencing public opinion, applies the
NSGA-II algorithm for optimal feature selection, and uses a Quality
Driven Plus (QD +) loss function for both point and interval predictions.
The main contributions of this study are:

1. We establish a comprehensive framework, based on information
ecology theory, to identify the key factors influencing the evolution
of public opinion during major infectious disease outbreaks.

2. We implement the NSGA-II multi-objective evolutionary algorithm
to select the optimal feature subsets, thereby improving the accuracy
of predictions.

3. We develop a prediction framework that simultaneously produces
point and interval predictions of public opinion trends using the
QD + loss function, allowing for a more nfine-grained understanding
of uncertainty.

4. We propose a versatile prediction framework suitable for different in-
fectious disease scenarios, providing operational evidence for public
opinion management during health crises.

The rest of this paper is organized as follows. Section 2 reviews the
relevant literature on public opinion prediction and feature selection
methods. Section 3 introduces the proposed framework, detailing the
feature selection process and the prediction model. Section 4 presents
the data, and Section 5 describes the experimental setup and presents
the results of the empirical evaluation. Section 6 discusses the results
and limitations of the proposed model. Finally, Section 7 concludes the

paper.
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2. Literature review
2.1. Feature construction and selection

The spread of online discourse during major infectious disease out-
breaks operates like a control system, influenced by multiple input and
output variables, such as social network structures, public attention, and
external factors (Zhang et al., 2018). Several studies have investigated
the drivers of public opinion trends during infectious disease outbreaks.
Liu and Fu (2022) developed a theoretical model linking the severity
of an epidemic to increased public attention, revealing a strong cor-
relation between event intensity and public interest. Chen and Zhang
(2022) found that surges in event-related tweets during the COVID-19
pandemic were largely fueled by personal narratives and heightened
media coverage, highlighting the media’s critical role in shaping online
discourse. Zhao et al. (2022) emphasized the influence of social net-
work structures by incorporating user follower counts into their model,
while Su et al. (2023) pointed to spatial factors, noting that regions hit
harder by the epidemic exhibited more negative public sentiment. Com-
plementing these findings, Zhu et al. (2020) showed that political and
economic centers tend to draw greater social media attention during
crises.

While insightful, existing studies often overlook integrating fac-
tors into a comprehensive framework for understanding public opinion
spread. Information ecology theory offers a robust approach, analyz-
ing interactions between information, informants, and environment. It
shows online discourse as a dynamic community shaped by content, en-
vironment, and social interactions. Yet, its use in predicting outbreak-
related opinion trends is limited. Applying this theory is crucial for un-
derstanding and forecasting sentiment (Wang et al., 2022).

In the context of time series prediction of sentiment trends, feature
selection is essential for reducing data complexity, improving model per-
formance, and enhancing interpretability. This paper focuses on feature
selection methods most relevant to our study. Among them, filter-based
methods offer computational efficiency by selecting features based on
statistical criteria; however, they often overlook inter-feature depen-
dencies and may underperform in capturing complex relationships.
Wrapper-based methods, while more computationally intensive, eval-
uate feature subsets using a predictive model and tend to yield higher
accuracy (Gonzalez-Vidal et al., 2019); Karasu et al., 2020; Ameur et al.
(2024). Embedded methods integrate feature selection into the model
training process itself, striking a balance between performance and ef-
ficiency.

Given the need for multi-objective optimization, which balances pre-
diction accuracy with the number of features selected, multi-objective
genetic algorithms (Jiménez et al., 2017); Kumar and Taylor, 2024, like
NSGA-II, prove to be highly effective. Jimenez et al. (2020) successfully
utilized NSGA-II to predict infection rates, combining it with perfor-
mance metrics like RMSE and MAE. Similarly, Espinosa et al. (2023)
introduced a hybrid approach that extended NSGA-II, enhancing both
computational speed and generalization capabilities. These studies high-
light the efficacy of NSGA-II in optimizing feature selection, particularly
in datasets with public sentiment or epidemic-related data.

2.2. Interval prediction

Most existing research on public opinion trends focuses on point fore-
casts, which provide a specific future value but do not take uncertainty
into account (Liu et al., 2022; Zhong et al., 2023). In contrast, interval
forecasting provides a more comprehensive view by quantifying the un-
certainty associated with the predicted values. Interval prediction meth-
ods generate both upper and lower bounds on predicted values, provid-
ing a clearer understanding of possible outcomes (Nardi & O’day, 2000).
These methods are particularly valuable for modelling public opinion,
where fluctuations and uncertainty are inherent due to the volatile na-
ture of online discourse.
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Fig. 1. Public opinion forecasting framework.

Two main sources of uncertainty in public sentiment trends are in-
trinsic randomness, which is due to unpredictable external factors, and
subjective uncertainty, which arises from errors in data collection or
model assumptions (Eldred et al., 2018). These uncertainties can be
addressed using interval prediction methods, such as confidence inter-
vals (CIs) and prediction intervals (PIs). CIs assume that data follow
a specific probability distribution, allowing researchers to estimate the
range within which the true value is likely to fall based on statistical
analysis of the deviations between observed and true values (Sluijterman
et al., 2024). However, PIs offer a more flexible alternative by predicting
uncertainty directly through the model itself, making them particularly
suitable for real-time public opinion forecasting (Simhayev et al., 2022).

Recent advances in artificial intelligence, particularly neural net-
works (NNs), have substantially improved interval prediction tech-
niques. NNs for interval prediction are typically divided into two cate-
gories: indirect and direct methods. Indirect methods, such as those pro-
posed by Veaux et al. (1998) and Bishop (1995), use standard regression
models with constant error variance assumptions. Direct methods, such
as the Minimum Volume Ellipsoid (MVE) proposed by Nix and Weigend
(1994), use two NN models to estimate the upper and lower bounds,
improving computational efficiency while maintaining accuracy. In ad-
dition, bootstrap-based methods (Heskes, 1996) have been used to re-
sample data and generate robust interval predictions.

More recent approaches, such as the LUBE method (Khosravi et al.,
2011), have minimized objective functions to directly estimate predic-
tion intervals. Building on this, Pearce et al. (2018) introduced a quality-
driven (QD) loss function that allows for gradient-based optimization,
simplifying the training process while achieving accurate interval pre-
dictions. Salem et al. (2020)) further refined this approach by integrat-
ing point and interval predictions into a multi-objective loss function.
Simhayev et al. (2022) extended these methods by selecting weights for
the combination of upper and lower bounds, eliminating some of the
limitations found in earlier models and improving overall prediction
performance.

2.3. Research gap

While there has been extensive research on feature selection and
time series forecasting, most studies have focused on optimizing models
for point forecasting and have not sufficiently addressed the uncertainty
inherent in public opinion trends during major infectious disease out-

breaks. Furthermore, many studies do not incorporate relevant public
opinion variables into their prediction frameworks. This paper seeks to
fill these gaps by introducing a comprehensive approach that integrates
NSGA-II for feature selection and a QD + loss function for both point and
interval predictions. Our model not only captures the underlying uncer-
tainty in public opinion trends, but also provides real-time predictions
that can be applied to various infectious disease outbreaks, providing
operational insights for public health decision making.

3. Design of interval prediction framework

Fig. 1 presents the overall structure of the proposed framework for
public opinion forecasting, which consists of three primary components:
(1) feature construction, (2) feature selection using NSGA-II, and (3)
interval prediction leveraging deep learning models with the Quality
Driven Plus (QD+) loss function. In the first component, we use in-
formation ecology theory to select variables related to sentiment inten-
sity from three aspects: the informant, the information environment,
and the information itself. To validate the effectiveness of the second
component, we not only performed a detailed comparison with other
wrapper-based feature selection approaches, but also compared differ-
ent lag periods, including 1, 3, 5 and 7 days (Weng et al., 2022). Finally,
we used deep learning with the QD+ framework to predict both senti-
ment values and their intervals for infectious diseases.

3.1. Feature construction

We constructed features from sentiment metrics (e.g., Baidu Index),
informant demographics, and real-time epidemic data. This feature con-
struction process ensures that we capture the multidimensional aspects
of public opinion and its development over time, which is crucial for
accurate prediction.

The Baidu Index is a big data analytics tool developed by Baidu,
China’s largest search engine, based on the search behaviors of a vast
number of internet users. By tracking the frequency and trends of spe-
cific keyword searches on the Baidu platform, it objectively reflects the
public’s level of attention toward particular events or topics. Since its
official launch in 2006, the Baidu Index has become a key metric for
measuring online public opinion and sentiment in China, known for
its real-time responsiveness, broad coverage, and high representative-
ness. It has been widely used in various research fields, including public
health and socio-economic studies (Mikulic and Baumgartner, 2025).
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Table 1
Framework of influencing factors.
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Feature category Feature

Values (if categorical)

Predicted popularity of public Baidu Index

opinion

Distribution of various user types
Gender distribution of users

Age distribution of users

City of residence distribution

Informant

Number of followers of users

[0,1,2,3,4]

[female, male]

[youth, youth_adult, middle, older]

[huadong, huazhong, huabei, huanan, dongbei, xi-
nan, xibei, haiwai]

Total number of posts
Number of likes
Number of shares
Number of comments

Information

Daily new confirmed cases
Daily new death cases
Daily new suspected cases
Daily new recovered cases
Sentiment of posts

Information
environment

[positive, negative, happy, neutral, angry, sad,
fear, surprise]

In this study, we used the keyword ’COVID-19 pandemic’ to derive sen-
timent intensity, which serves as the dependent variable in our analysis.
The final set of constructed features is presented in Table 1.

Following the structure of information ecology theory (Luo et al.,
2023; Yang et al., 2025), features were organized into three categories:

¢ Informant features, including demographic distributions (e.g., gen-
der, age groups, city of residence) and user activity metrics (e.g.,
number of followers).

o Information features, such as the number of posts, likes, comments,
and reposts.

¢ Information environment features, including daily new confirmed
COVID-19 cases, daily new deaths, and emotion categories of user
posts (e.g., positive, angry, fearful).

This structured feature design enables the model to consider the com-
plex interactions between individuals, information flow, and external
epidemic developments that drive changes in public opinion.

3.2. Feature selection

3.2.1. NSGA-II algorithm

Among evolutionary algorithms, the NSGA-II (Non-dominated Sort-
ing Genetic Algorithm II) is a prominent approach for multi-objective
optimization problems. NSGA-II was developed to address three primary
issues in the original NSGA algorithm: (1) excessive computational time
required for calculating dominance relationships under multiple objec-
tives, (2) lack of an elitist strategy, and (3) reliance on a sharing mech-
anism for population diversity, which overly depends on subjectively
determined parameters. NSGA-II overcomes these challenges by intro-
ducing a fast-sorting method to reduce algorithmic complexity, incorpo-
rating an elitist preservation strategy to prevent the loss of high-quality
solutions during evolution, and employing crowding distance as a mea-
sure of diversity. In cases where individuals belong to the same non-
dominated front, those with larger crowding distances are prioritized,
enhancing solution diversity.

The core steps of the NSGA-II algorithm are as follows:

1. Initialization: Generate an initial population P, of size N and com-
pute the fitness values for each individual based on multiple objec-
tives. Perform fast non-dominated sorting to assign each individual
to a non-dominated rank.

2. Selection, crossover, and mutation: Use tournament selection, repro-
duction, and mutation operators to generate an offspring population
P,

3. Merging and sorting: Merge populations P, and P, to form a com-
bined population of size 2N. Perform fast non-dominated sorting on
the combined population and calculate the crowding distance for in-
dividuals in the same non-dominated front. Retain individuals with
higher crowding distances until the new population P, reaches size
N.

4. Termination: Repeat the process until the stopping criteria, such as
a maximum number of iterations, are met.

3.2.2. Feature selection process

Feature selection is formulated as a multi-objective optimization
problem, with two objectives: minimizing the root mean square error
(RMSE) of time series predictions and minimizing the number of se-
lected features. Given a dataset with n samples, each containing m at-
tributes, denoted as {x,,x,,...,x,,}, and a target value y, we split the
dataset into an 80 % training set and a 20 % testing set. The training
set is used for feature selection, and to ensure robustness, we perform
10-fold cross-validation during this process. The specific optimization
objective functions are defined as follows:

K
Minimize f,(x) = % Y Fx) )
k=1
w
Minimize f,(x) = Z N(x;) )

i=1

where x = {x;,x5,...,x,} is a boolean decision set, with x; €
{True,False}, i =1,2,...,w. In Egs. (1) and (2), x; = True represents
the selection of the i-th feature, and x; = False indicates that the feature
is not included in the subsequent model prediction process. F,? x), k=
1,2, ..., K, represents the performance of the feature selection model ¢
on the dataset x in the cross-validation fold. RMSE is used to evaluate
the model’s performance, while the sum of z; represents the number
of selected features. Random forest is used as the predictive model for
feature selection in this study (Espinosa et al., 2022).

NSGA-II produces a set of non-dominated solutions (Pareto front)
rather than a single optimal solution. Thus, further evaluation of these
solutions is necessary to identify the best feature subset. The best solu-
tion is selected by evaluating the performance on the testing dataset us-
ing RMSE. Additionally, we compare NSGA-II’s results with other multi-
objective evolutionary algorithms, including the Multi-Objective Evolu-
tionary Differential Algorithm (MOEDA) and Multi-Objective Particle
Swarm Optimization (MOPSO). We also compare NSGA-II with non-
evolutionary wrapper-based feature selection methods such as Recur-
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sive Feature Elimination (RFE) (Wang et al., 2022), which iteratively
removes the least important features based on model performance.

3.2.3. Evaluation metrics

After applying NSGA-II, we evaluate the resulting feature sets using
RMSE, Mean Absolute Percentage Error (MAPE), and Mean Absolute Er-
ror (MAE) on the testing dataset, which was not involved in the training
process. These evaluation metrics are defined as:

n L A. 2
RMSE = 1] 2210 =9 3)
n
1w |yi— 9
MAPE = = )’ ;‘ x 100 @
=R
1 n
MAE = — =, 5
p ;Iy, Wil 5)

To determine the best feature combination, we rank each feature
subset based on RMSE, MAPE, and MAE. The feature subset with the
lowest total rank across all three metrics is selected as the optimal subset
for further analysis and model application Ferchichi et al. (2024). The
final algorithmic process is outlined in Algorithm 1 and Algorithm 2
below.

Algorithm 1: Feature Selection.

Require:

x = {x],x5,...,x,}: Individuals with a feature count of w
Dyrains Diest € D; Dy, C Dy for k =1,2, ..., K. Split the data
into training set D, and testing set D in an 8:2 ratio.

Dy, is used for feature selection, and Dy, for subsequent

ranking of feature sets;

0, < 0;

for k =1to K do

Featureset « {};

fori=1to wdo
if x; # 0 then

L L Featureset « Featureset U{x;};

Construct DL based on the Featureset;
0, < 0, +RMSE(MZ’) // RMSE of the prediction
model Mf evaluated on dataset D;(;

3.3. Interval prediction model

This study builds on prior research (Salem et al., 2020; Simhayev
et al., 2022) by implementing a deep learning-based framework for both
point and interval predictions of public opinion trends associated with
major infectious diseases. The performance of point prediction is eval-
uated using common error metrics such as RMSE, MAPE, and MAE. For
interval predictions, the quality of the generated prediction intervals is
assessed using the Probability of Interval Coverage (PICP) and the Mean
Prediction Interval Width (MPIW). This comprehensive evaluation, em-
ploying a variety of metrics, provides a robust scientific basis for analyz-
ing public opinion trends, demonstrating the effectiveness and accuracy
of the proposed framework.

The PICP is calculated as follows:

n
1
PICP = — Z k; (6)
i=1
where n is the sample size and ; is a binary variable that equals 1 if the

actual sample value y; lies within the prediction interval [L;, U;] and 0
otherwise.
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Algorithm 2: Ranking Feature Set.

Require:

D train D test

Fo

opti_Featureset = {Featureset,, ..., Featureset,, }
RMSE = [];

MAE = [];

MAPE = [];

foreach f; in opti Featureset do
Dirain — thria‘“ based on Featureset;;

Obtain model M? trained on the training set DUain;
fi fi
RMSE « RMSE(M;’) of the prediction model M ¢
evaluated on the_St;
MAE « MAE(M d’) of the prediction model M ¢ evaluated
fi fi
test.
on D 7
MAPE « MAPE(Mﬁ) of the prediction model M;f

evaluated on th?St;
1

RMSEmnk = [RMSElank’ [Ra¢} RMSE:’unk];

MAErank = [MAErI‘ank’ R MAE:’ank];

MAPE,,,, = [MAPE! ., ..., MAPE! 1;

RESULT = Mean(RMSE,,, + MAE,,,, + MAPE,,.);

U(x) Upper bound

L(X)  Lower bound

V(x) point prediction value

Lgu+ = (I’A:)'LP1+;"2 'LMsE +‘5'LP

Fig. 2. Public opinion trend prediction model.

The MPIW is given by:

n
MPIW = ’1-1 YW - Ly )
i=1
where U; and L, represent the upper and lower bounds of the predicted
interval for the i-th sample, respectively.

The interval prediction model based on neural networks aims to min-
imize the prediction interval width while maintaining an acceptable
level of PICP. Most current methods for generating prediction intervals
do not simultaneously provide both point estimates and prediction in-
tervals. However, the proposed prediction framework, which utilizes the
QD+ loss function, addresses this limitation by enabling both interval
and point predictions without assuming any specific data distribution
(Salem et al., 2020). The conceptual framework of this model is illus-
trated in Fig. 2. The left side represents the model inputs, while the right
side shows the model’s interval predictions (L(x) and U(x)) and point
prediction (V' (x)) values. The middle section consists of a deep learning
model that uses the Lyp, as its loss function.

3.4. Framework overview
The proposed framework consists of two main components. The first

component is the selected time series prediction model, where com-
monly used sequence prediction algorithms such as Recurrent Neural
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Networks (RNN) or Long Short-Term Memory (LSTM) networks can be
employed for predicting public opinion trends. The second component is
an auxiliary network responsible for generating both interval and point
predictions. This network outputs three values: the upper bound U (x),
the lower bound L(x), and the point prediction j.

In the proposed model, the QD + loss function is designed to train
neural networks to produce both, a precise point prediction (e.g., sen-
timent index = 500), and a reliable prediction interval (e.g., between
480 and 520). The goal of QD + is to balance two key objectives, accu-
racy and uncertainty estimation (the predicted interval should contain
the actual value with high probability (coverage), but also be as narrow
as possible (precision)). QD+ achieves this by combining several loss
components: (a) an MSE term to ensure the point prediction is accurate,
(b) a penalty if the true value falls outside the prediction interval, and
(c) a regularization that tries to keep the width of the prediction inter-
val small. This way, the model learns not only to predict well but also
to express how confident it is in those predictions-making it especially
useful for volatile situations like epidemics, where public opinion can
change quickly and unpredictably.

In the interval prediction component of the proposed model, the
overall objective is to minimize the MPIW while maximizing the PICP.
To balance these two objectives, we define the following loss function:

Lp; =(1 = 4y) - Lyprw + 41 * Lpicp ®

where

Lyiprw = 1 i(Ui —L)-k; ®
¢ o

Lpicp = max (0, (1 — a — PICP)?) 10

Here, n denotes the sample size, and 4, is a hyperparameter that
balances the trade-off between the interval width and coverage rate. The
objective is to minimize Lyppy under the constraint that PICP > 1 — a,
where Lyppy differs from MPIW as it only includes valid observations
within the Prediction Interval (PI). The term Lp;cp optimizes the interval
coverage rate, with its loss increasing when PICP falls below 1 — a.

In the actual optimization process, since k; is a discrete value, its loss
function is difficult to converge. Therefore, we redefine k; as a continu-
ous variable:

ki_soft = 0(s - (y; = L) - o(s - (U; = y1)) 1D

where ¢ is the sigmoid function and s > 0 represents the softening fac-
tor. The continuous version of k;_g.y is then substituted into Eq. (9) to
complete the optimization for the interval prediction.

However, the objective function in Eq. (8) only focuses on optimizing
the upper and lower bounds of the interval. To optimize point prediction
values, additional loss functions are introduced. For this purpose, we
define:

L,=Lysg+&-Lp (12)
n
1 (i i 2
Luse = - 2 (57 =»7) 3)
i=1
1y ; -
Lp=23 [max (o, - y“)) + max (0, 50— 92’))] (14)
i=1

In this architecture, Lyg; optimizes the point prediction values,
while L, ensures that the point predictions stay within the interval
bounds. The final objective function for the training process can be for-
malized as:

Lops = (1= Ay) - Lyj+ 4y Lygg +&- Lp (15)

where 1, is a hyperparameter that balances the trade-off between inter-
val predictions and point predictions. By adjusting this hyperparameter,
the model can control the range and accuracy of interval predictions.
Ensemble models are employed to further reduce uncertainty in the
prediction process while enhancing the performance and stability of the
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prediction model. Multiple models are integrated to generate the final
point and interval predictions. Each ensemble model produces a PI and a
point prediction, which are then aggregated to reflect the uncertainty in
the results. Following the approach of Lakshminarayanan et al. (2017),
the ensemble framework generates more stable outputs through the fol-
lowing steps.

Assume there are m models trained with the Lgp ;. loss function. Each
model M; produces a prediction interval [ y’Lf y’g] and a point prediction
$¥ for data point y'. The final interval and point prediction results are
obtained by aggregating the predictions from all models:

m
. 1 i
Hy=— 9] (16)
j=1
1 m
- )
Hy =~ 21 9 an
j=
1 m
=23 (18)
Jj=1
1 m . N2
7= ey 2 01w a9
j=1
. 1 i L N2
%= g 2 (8- m) 20)
j=1
Finally, the aggregated prediction interval is computed as:
Yy =ty + Zapp 0y 1)
Vo =My~ Zap 0] (22)

Here, [ f/"L, f/"U] and j}i, represent the final interval prediction and point
prediction for data point y'.

4. Data description and processing

The data used in this study can be categorized into four main com-
ponents. First, we utilize the Baidu Index to describe trends in public
opinion on major infectious diseases. The Baidu Index' is a data ana-
lytics platform that leverages Baidu search data, reflecting the objective
demands of the search population through user search behavior and the
search volume of specific keywords (Zhang et al., 2022). The Baidu In-
dex can be used to study and predict public opinion trends on related
topics, making it an appropriate indicator for measuring the overall de-
velopment of public opinion on major infectious diseases.

Second, we perform web scraping of blog posts using Python, fo-
cusing on posts related to the epidemic that were published by users
between January 2020 and February 2023. The crawling frequency is
set to once per hour, capturing data such as usernames, likes, comments,
reposts, and basic user information. In total, 12,082,334 records were
gathered.

The third component of the data concerns content related to the
COVID-19 epidemic, primarily including daily reports on newly con-
firmed cases, daily deaths, newly suspected cases, and newly recovered
cases in China.

The fourth data component pertains to public sentiment types. Fol-
lowing the removal of punctuation and extraneous characters from the
textual corpus, we employed a pre-trained BERT model to quantify
the distribution of public emotional states. we employ a pre-trained
BERT model to calculate the distribution of public sentiment (Su et al.,
2023). The integration of these four data sources provides multi-level
and multi-perspective information, which enables a comprehensive un-
derstanding of the evolution of public opinion trends.

Based on this data, and drawing from relevant literature (Luo et al.,
2023), this study constructs an influencing factor system for the pop-
ularity of public opinion on major infectious diseases. This system is

1 http://index.baidu.com
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Table 2
Results of feature selection.

Method LAG Feature num RMSE MAPE MAE

REF 1 3/38 23738.17 43.86 45161.26
3 12/114 23260.25 48.20 47502.94
5 58/190 22933.74 46.81 46802.71
7 93/266 24105.36 46.55 45639.10

MOEDA 1 17/38 25593.40 43.68 43566.65
3 58/114 24760.34 46.65 46021.46
5 94/190 24580.19 43.07 45113.37
7 135/266 23084.85 43.57 43895.32

MOPSO 1 6/38 28927.56 45.60 45165.80
3 45/114 24939.51 45.05 44703.40
5 66/190 23004.07 43.02 44692.35
7 121/266 23027.53 43.84 43863.50

NSGA2 1 7/38 23832.55 41.63 43028.72
3 20/114 22818.64 41.23* 42822.68*
5 44/190 22545.33* 45.13 45965.33
7 92/266 22627.74 43.75 43953.37

Table 3

DM test results of different feature se-
lection methods.

Method LAG DM P value
REF 1 -3.23  <0.001
3 -2.69 <0.01
5 -2.00 <0.05
7 -3.62  <0.001
MOEDA 1 -8.20  <0.001
3 -6.59 <0.001
5 -4.34  <0.001
7 -3.65  <0.001
MOPSO 1 -6.49  <0.001
3 -5.33  <0.001
5 -4.54  <0.001
7 -2.13 <0.05

based on the theory of information ecology and includes three aspects:
informant, information environment, and information (see Table 1).

When using the above data as input for subsequent deep learning
models, data normalization to the interval [0, 1] was performed to ac-
celerate the convergence of NNs and expedite the discovery of globally
optimal solutions.

5. Result analysis
5.1. Feature selection and analysis

In this section, we first compare the feature selection results of REF,
NSGA2, MOEDA, and MOPSO under different lag periods, and qualita-
tively analyze the feature selection process under each lag period. Fi-
nally, in conjunction with the information ecology theory, we analyze
the feature set under the optimal lag period from the perspectives of
informant, information, and information environment.

In time series prediction problems, the choice of lag period is cru-
cial. To determine the optimal lag period, we evaluated the feature se-
lection and model prediction performance for lag periods of 1, 3, 5,
and 7. The feature selection results of the NSGA2, MOEDA, MOPSO,
and REF algorithms under different lag periods are summarized in Ta-
ble 2. Furthermore, to comprehensively validate the superiority of the
proposed methodology, we conducted Diebold-Mariano tests (presented
in Table 3), the results of which provide additional empirical evidence
substantiating its significant advantage in feature selection.

Overall, MOEDA and MOPSO show an increasing trend in scores for
certain indicators as the lag period increases, while REF and NSGA2
maintain relatively stable scores across the indicators. The optimal val-
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ues for each indicator under each method framework are highlighted
in bold, and the best indicators across all frameworks are marked with
an asterisk. From the comparative study of lag period selection, we ob-
served that the lag period of 3 produced the most significant propor-
tion of optimal performance indicators. Consequently, we identified the
feature subset corresponding to a lag period of 3 as the optimal fea-
ture combination for subsequent analytical procedures, with detailed
results presented in Table 4. The numerical suffix denotes the temporal
lag structure: 0 indicates a one-day lag, with subsequent integers repre-
senting incrementally longer lag periods.

Therefore, we selected the feature subset obtained when the lag pe-
riod equals 3 as the key feature combination for subsequent analysis
(see Table 4).

A core focus of this study is to explore the key variables influencing
the spread of public opinion during major infectious disease outbreaks.
To achieve a comprehensive understanding of the intrinsic mechanisms
of the NSGA2 algorithm in feature selection, we conducted detailed in-
vestigations. Initially, we examined how the multi-objective evolution-
ary algorithm NSGA2 performs feature selection during each iteration
under different lag periods. Specifically, we calculated the frequency
with which each feature was selected during the iteration process. To
visually observe the evolutionary results, we plotted the frequency of
feature selection and analyzed the Pareto solution sets under different
lag periods to reveal the performance and variations of features within
these solution sets.

Based on information ecology theory, we analyzed the final feature
set from multiple dimensions. When the lag period is set to 1, vari-
ables with higher selection frequencies during the iteration process in-
clude the number of posts from northwestern provinces, the number
of posts from eastern provinces, Baidu search index, and daily new
confirmed cases of COVID-19 (see Fig. 3). However, the final selected
variables under a lag period of 1 are baidu_index_0 and Daily_new_con-
firmed_cases_0, indicating a closer association between the current hot
topics in public opinion and the discussion intensity of the previous day,
as well as the daily new confirmed cases of COVID-19 within a relatively
short timeframe.

When the lag period is set to 3, analysis of the frequency of feature
selection during the iteration process reveals that features with higher
selection frequencies are concentrated towards the end of the lag period
(see Fig. 4). Specifically, compared to features lagged by one day, vari-
ables lagged by two and three days are more likely to be selected. Addi-
tionally, features with higher occurrence frequencies include baidu_in-
dex_2, fans_num_2, like_num_1, and huadong_1.

When the lag period is set to 5, the distribution of feature occurrences
across different time periods appears to be relatively uniform, especially
within the higher frequency feature sets (see Fig. 5). Among them, fea-
tures with higher occurrence frequencies include baidu_index_4, netu-
ral 2, user_ver_3_0, like num_2, and dong_bei_4, marking the first ap-
pearance of factors related to sentiment within the top-ranking features.

When the lag period is set to 7, the frequency distribution of features
appears similar to that of the lag period 5 (see Fig. 6). However, due to
the increased number of features, there is a similarity in the distribu-
tion of occurrences among the top twenty features. Unlike in previous
lag periods, the top-ranking feature is not the Baidu search index it-
self, but rather a variable related to user factors, user_ver_3_3. Other
highly ranked features include haiwai_5, repost_ num_0, female_num_0,
and fear_3. Notably, factors related to COVID-19 do not appear among
the top-ranked features, indicating that over a longer data cycle, public
opinion tends to focus more on variables related to the general public
rather than COVID-related factors.

Overall, in shorter lag periods, variables closer to the current day are
more likely to be selected, while as the lag period increases, the proba-
bility of feature selection becomes more evenly distributed across differ-
ent time stages. Additionally, throughout the iteration process, variables
related to geographical regions and COVID-19 tend to have higher oc-
currence frequencies compared to other variables.
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Table 4
Optimal feature combination selected by the NSGA-II algorithm (lag = 3).

Original features Selected features

baidu_index, user_ver_0, user_ver_1, user_ver_2, user_ver_3, user_ver_4, baidu_index_2, user_ver_1_2, user_ver 4 2, older_num_1,
female_num, male_num, kong_num, youth_num, youth_adult_num, mid- huadong 0, huadong 1, xibei 2, happy 2, angry 2, sad0,
dle_num, older_num, huadong, huazhong, huabei, huanan, dongbei, xi- surprise 2, total_post num_1, total post num_2, like_num_1,
nan, xibei, haiwai, positive, negative, happy, neutral, angry, sad, fear, review_num_0, fans num_0, daily new confirmed cases_2, daily
surprise, total_post_num, like_num, repost_num, review_num, fans_num, new deaths_2, daily new suspected cases_0, daily new number of
daily new confirmed cases, daily new deaths, daily new suspected cases,  recoveries_2

daily new number of recoveries

Note: the numerical suffix denotes the temporal lag structure: 0 indicates a one-day lag, with subsequent integers representing
incrementally longer lag periods.

Feature Selection Count in Optimization Process
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Fig. 3. Feature selection process (lag=1). Legend: the names (and values) of top 5 features can be found in Table 1, and their numerical suffix denotes the temporal
lag structure.

Based on feature evolution across different lag periods, we draw the lag period increases, metrics such as repost count and number of
three key conclusions from an information ecology perspective: likes begin to rank higher in the frequency of feature selection. De-
spite this, these metrics still have lower weights in the final selected

1. Information sources: Indicators such as the total number of posts feature set, suggesting that while variables related to information
and the number of comments have relatively lower weights in the sources are somewhat associated with public opinion trends, they

feature selection process compared to other variables. However, as
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Feature Selection Count in Optimization Process
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are not the primary driving factors in the final predictive models of
public opinion trends.

. Informant: As the lag period increases, the weight of variables re-
lated to the distribution of various user types continuously increases.
Variables associated with age distribution and geographical distri-
bution of users also show a similar trend. For age distribution, vari-
ables associated with middle-aged populations have a higher propor-
tion compared to adolescents and the elderly. In terms of geograph-
ical distribution, variables representing East, Central, and North
China are included in varying degrees across different lag periods.
These regions share common characteristics of relatively developed
economic levels and high population densities, indicating a close
association between the development of public opinion trends and

Fig. 4. Feature selection process (lag=3). Legend: the names (and values) of top 5 features can be found in Table 1, and their numerical suffix denotes the temporal
lag structure.

geographical characteristics of users play a more prominent role in
shaping public opinion trends.

. Information environment: The results indicate that with an increase

in the lag period, the proportion of factors associated with nega-
tive sentiments also increases. Factors related to the development of
the COVID-19 pandemic are present in the final feature sets across
various lag periods. The Appendix A shows that the period close to
the prediction day of new confirmed COVID-19 cases consistently
appears in the final feature sets across different lag periods, indicat-
ing the significant impact of recent COVID-19 news on public opinion
trends.

In summary, variables related to informants and the information

the discussion level in such regions. Other variables related to infor-
mants, such as gender distribution and number of followers, appear
less frequently, suggesting that during the epidemic period, age and

environment significantly influence the prediction of public opinion
trends. Among the informant variables, features associated with the pub-
lic exert varying degrees of influence on the development and changes
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Fig. 5. Feature selection process (lag=5). Legend: the names (and values) of top 5 features can be found in Table 1, and their numerical suffix denotes the temporal

lag structure.

in public opinion. For instance, users from the East China region fre-
quently appear in feature selection processes. Regarding information en-
vironment variables, the level of attention to pandemic dynamics plays
a crucial role in predicting public opinion trends. This has practical im-
plications for public opinion management and forecasting during the
pandemic, emphasizing the need to focus on regional factors and public
sentiment in public opinion alert systems. Conversely, variables related
to information, such as the total number of posts and the number of
likes, have a lower proportion in the feature selection process and fi-
nal feature set. This suggests that during the pandemic, public opinion
is more directly influenced by factors related to the public itself and
the development of the pandemic, rather than the dissemination of in-
formation. Therefore, the influence of information itself appears to be
relatively limited.

10

5.2. Performance of interval prediction

5.2.1. Experiment setting

This section proposes a time series forecasting framework that si-
multaneously predicts the trend intervals and points of significant in-
fectious disease public opinion using the QD+ loss function. Based on
this framework, uncertainties in public opinion trends can be quanti-
fied more accurately, facilitating the timely detection of abnormal fluc-
tuations during early-stage public opinion monitoring. When the lower
bound of public opinion intensity is high, it is important to monitor
public discussions and emotional states to provide timely psychological
support and prepare future epidemic policies.

To validate the performance of this framework, we compared it with
other integrated deep learning models such as QD+ and IPIV. Both
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Fig. 6. Feature selection process (lag=7). Legend: the names (and values) of top 5 features can be found in Table 1, and their numerical suffix denotes the temporal

lag structure.

the QD + loss function and the IPIV-based public opinion trend predic-
tion framework use NNs for interval and point prediction in regression
problems. However, unlike the QD + method, the IPIV framework does
not directly output point predictions in its loss function construction.
Instead, it outputs a weight value for a combined upper and lower bound
interval without applying additional penalty functions. This weight
value is then mathematically manipulated with the upper and lower
bound values to represent the final point prediction (see Egs. 23-25):

Liprypr = V7 - 4-max (0, 1 — @ — PICP)? (23)
n
1
Ly=— 3 1(v U+ (1 =0)- Ly.y,) 24)
i=1
Lipyy =8 Lpypr + (1 =B) - L, (25)

Although this approach simplifies the construction of the loss func-
tion, it fundamentally smooths the prediction of public opinion trends

11

Table 5
Interval prediction model parameters.

Model architecture Parameter name Parameter value

IPIV ! 15
i 0.5

@ 0.05

QD+ A 0.99
I 0.3
¢ 10

0.05

using upper and lower bound values. Therefore, to demonstrate the
superior performance of the QD+ algorithm, experiments were con-
ducted to validate its efficacy.
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Table 6 mentioned earlier, models such as DNN, RNN, LSTM, GRU, and Trans-
Model parameters. former have been widely applied in point prediction for multiple time
Model RNN ISTM GRU  Transformer  DNN series. However, the efficacy of these models for both interval and point
- - prediction is less known. Therefore, we simultaneously compared multi-
Hidden size 128 128 128 128 256 . . . . . .
Num layers 3 3 3 3 5 ple deep learning time series prediction models to determine the optimal
Batch size 32 32 32 32 32 model.
N_head NA NA NA 3 NA Furthermore, to validate the stability of the proposed framework,
Max_len NA NA NA 512 NA

Next, in the prediction framework, we selected a suitable deep learn-
ing model as the baseline model for interval and point prediction. As

13

we conducted robustness analysis. Specifically, we used all feature sets
as inputs to validate the effectiveness of this method and performed
Diebold-Mariano (DM) tests on the results.

The hyperparameter settings for the QD+ and IPIV frameworks are
listed in Table 5 (Salem et al., 2020; Simhayev et al., 2022), while the
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Fig. 11. Comparing metrics over different values of 4,.

parameter settings for DNN, LSTM, RNN, GRU, and Transformer are
provided in Table 6.

5.2.2. Experiment results

Table 7 presents the specific results of deterministic and interval pre-
diction for each baseline model under different prediction frameworks.
RMSE, MAPE, and MAE are used to measure the performance of point
prediction models, while the quality of interval prediction is assessed us-
ing PICP and MPIW. From the comparison of deterministic predictions,
it is evident that the results of each baseline model in the QD + frame-

work are generally superior to those in the IPIV framework. Among
them, the best-performing model is the LSTM model used in the QD +
framework, with respective values of 19496.88, 10.82, and 12491.39
for RMSE, MAPE, and MAE.

Regarding interval prediction experimental results, considering both
PICP and MPIW metrics, it can be observed that compared to the IPIV
framework, the baseline models under the QD + framework maintain
a higher coverage rate while also sustaining a smaller interval width.
The best-performing model in terms of interval prediction performance

14
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Table 7
Results of model comparison.
Framework Model Features RMSE MAPE MAE PICP MPIW
IPIV RNN SUB 20710.88 12.73 13888.32 0.9742 0.77
LSTM SUB 26563.01 16.66 16728.13 0.9226 0.62
GRU SUB 28983.70 20.85 20832.90 0.9793 0.77
Transformer SUB 27938.29 17.79 19998.22 0.9536 0.83
DNN SUB 29341.43 20.17 20328.04 0.9793 0.92
QD+ RNN SUB 20104.98 10.60 12646.64 0.9845 0.68
LSTM SUB 19496.88 10.82 12491.39 0.9845 0.65
GRU SUB 21795.63 12.36 14500.21 0.9793 0.76
Transformer SUB 22286.00 12.07 14302.50 0.9742 0.83
DNN SUB 24397.00 15.76 17002.01 0.9845 1.28
QD+ RNN ALL 32769.86 23.33 25299.92 0.9381 0.99
LSTM ALL 32697.95 22.95 24230.69 0.9536 0.93
GRU ALL 32731.49 22.41 25005.00 0.9175 0.92
Transformer ALL 42209.57 27.98 29329.62 0.9123 1.07
DNN ALL 34340.94 23.31 25768.25 0.9896 1.81
Table 8
DM results of different prediction models.
Model 1 Model 2 Framework Features DM p value
LSTM_QD +_SUB RNN IPIV SUB -3.87 <0.001
LSTM IPIV SUB -5.33 <0.001
GRU IPIV SUB -4.07 <0.001
Transformer IPIV SUB -6.25 <0.001
DNN IPIV SUB -6.52 <0.001
RNN_QD + RNN QD+ SUB -3.79  <0.001
GRU QD+ SUB -4.33 <0.001
Transformer QD+ SUB -4.89 <0.001
DNN QD+ SUB -3.94 <0.001
RNN_QD + RNN QD+ ALL -4.89 <0.001
LSTM_QD + LSTM QD+ ALL -7.85  <0.001
GRU QD+ ALL -6.65 <0.001
Transformer QD+ ALL -6.79 <0.001
DNN QD+ ALL -7.36 <0.001
Table 9
Comparing metrics over different values of pop size
of NSGAIL
Lag Pop size RMSE MAPE MAE
50 23738.18 43.86 45161.26
1 100 23832.55 41.63 43028.72
150 24037.28 44.59 455792.38
200 23951.49 42.38 431746.08
50 25630.52 48.66 47108.03
3 100 22818.64 41.23 42822.68
150 22824.48 47.16 47506.69
200 22276.99 42.06 43595.30
50 22557.57 46.32 46647.71
5 100 22545.33 45.13 45965.33
150 23889.51 43.66 44310.70
200 24082.09 46.24 46606.99
50 27072.87 49.08 47772.38
7 100 22627.74 43.75 43953.37
150 21811.17 44.32 44508.66
200 25328.53 47.40 47063.49

under the QD + framework is the LSTM model, with indicator values of
0.9845 and 0.65 for PICP and MPIW, respectively.

Furthermore, the optimal model for the QD+ framework using
all features as input for prediction is LSTM, with indicator values of
32697.95, 22.95, 24230.69, 0.9536, and 0.931 for RMSE, MAPE, MAE,
PICP, and MPIW, respectively. This result also demonstrates that the
same model performs significantly better when using feature subsets as
input compared to using the entire feature set, indicating the effective-
ness of feature selection in improving prediction performance.

15

Expert Systems With Applications 298 (2026) 129583

Table 10
Comparing metrics over different values of crossover
probability of NSGAIL
Lag Crossover ~ RMSE MAPE MAE
0.85 23932.55 44.52 45028.72
1 0.90 23832.55 41.63 43028.72
0.95 23612.61 43.89 43312.37
0.85 21982.04 41.50 42871.77
3 0.90 22818.64 41.23 42822.68
0.95 21808.21 41.63 42994.11
0.85 22837.00 46.12 45679.05
5 0.90 22545.33 45.13 45965.33
0.95 22346.19 45.67 45486.07
0.85 23997.50 46.28 46490.23
7 0.90 22627.74 43.75 43953.37
0.95 23171.51 45.98 45793.57
Table 11
Comparing metrics over different values of a.
a RMSE MAPE MAE PICP MPIW
0.05 19496.88 10.82 12491.39 0.9845 0.650
0.10 20290.95 12.74 13980.51 0.9484 0.542
0.15 19870.26 11.25 13032.53 0.8969 0.480
0.20 20281.13 11.52 13317.04 0.8505 0.388
0.25 20022.58 12.06 13493.56 0.9432 0.509
0.30 20337.97 11.33 13210.63 0.8298 0.447
Table 12
Comparing metrics over different values of 4,.
Ay RMSE MAPE MAE PICP MPIW
0.1 21285.03 11.69 13914.80 0.9484 0.553
0.3 19496.88 10.82 12491.39 0.9845 0.650
0.5 19903.60 10.97 12583.08 0.9793 0.730
0.7 20931.55 13.14 14207.27 0.9845 0.902
0.99 24879.85 14.79 16675.47 0.9948 1.573
Table 13
Comparing metrics over different noise levels.
Noise level RMSE MAPE MAE PICP MPIW
0.05 19893.48 10.63 12650.84 0.9845 0.673
0.10 19878.04 10.46 12343.41 0.9793 0.626
0.20 20112.80 10.69 12466.76 0.9484 0.562

Figs. 7, 8, 9 depict the optimal prediction results under the two
frameworks after feature selection. Here, “Istm_qd + _v” and “Istm_ipiv”
represent the point predictions of the LSTM model under the QD+ and
IPIV frameworks, respectively. “Confidence_interval Istm_qd + _v” and
“Confidence_inter-val_Istm_ipiv_v” represent the interval prediction re-
sults of the LSTM model under the QD + and IPIV frameworks, respec-
tively. These results demonstrate that the LSTM model based on the
QD + loss function achieves more accurate point predictions while en-
suring minimum coverage rates.

Furthermore, to elucidate the stability of the QD+ framework, we
employed the Diebold-Mariano (DM) test method Wang et al. (2024b) to
show the superiority of the LSTM model under this framework compared
to other versions of the model. The DM test is a statistical method used
to compare the accuracy of two time series prediction models, assessing
whether there is a significant difference in their predictions of future
values. The specific comparison results are exhibited in Table 8.

Table 8 indicates that the LSTM_QD + model significantly outper-
forms any model under the IPIV framework, as well as models under
the QD+ framework such as RNN and the QD+ framework models
using all features as input. This demonstrates the effectiveness of the
QD+ framework combined with feature selection methods.
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5.3. Robustness analysis

To further validate the effectiveness of the proposed framework, we
conducted robustness tests by tuning parameters in both the NSAGII
and QD+ framework. Specifically, for the NSGA-II algorithm, robust-
ness was evaluated through systematic parameter variations: popula-
tion sizes spanning [50, 100, 150,200] and crossover probabilities across
[0.85,0.90,0.95] , with quantitative results detailed in Tables 8 and
9. Within the QD+ framework, we adjusted parameters « and 4,,
where a controls the width of the interval prediction-the larger its
value, the greater the contribution of the interval width to the loss
function-and 4, balances the emphasis between point prediction and
interval prediction-the larger its value, the more the interval predic-
tion dominates the loss function. The tested ranges for a« and 4, were
[0.05,0.1,0.15,0.2,0.25,0.3] and [0.1,0.3,0.5,0.7,0.99] , respectively. Ad-
ditionally, to assess the framework’s robustness, we introduced Gaus-
sian random noise to 10% of the randomly selected feature columns,
with noise levels set at [0.05,0.1,0.2] . Table 10 compares performance
metrics across different crossover probabilities of NSGAII, the algorithm
demonstrates varying sensitivity to this parameter across different lag
periods. In addition, the sensitivity analysis results for a are presented
in Table 11 and Fig. 10.

The robustness analysis demonstrates that adjusting « and 4, affects
the performance metrics, with « = 0.05 yielding the best overall results
for RMSE, MAPE, MAE, PICP, and MPIW.

The sensitivity analysis results for « indicate that indicators related
to interval prediction generally show a decreasing trend, while indi-
cators related to point prediction fluctuate around a certain threshold.
This behavior is associated with « and its relation to interval predic-
tion. The sensitivity analysis results for 4, are presented in Table 12
and Fig. 11.

A, controls the weight ratio between point prediction and interval
prediction. As the value of 4, in Table 12 increases, the proportion of the
interval component in the loss function decreases, leading to a general
upward trend in PICP and MPIW. The metrics related to point prediction
exhibit a trend of initially decreasing and then increasing. The optimal
balance between interval prediction and point prediction performance
is achieved when 4, = 0.3.

Table 13 presents the performance of different models under vary-
ing noise levels. The model demonstrates strong noise robustness, as ev-
idenced by only marginal performance degradation despite increasing
noise levels, with all metrics eventually stabilizing at acceptable values.

6. Conclusion

This study proposes an innovative public sentiment prediction frame-
work specifically designed for major infectious disease outbreaks. Build-
ing upon conventional approaches, our framework uniquely integrates
information ecology theory with the NSGA-II optimization algorithm to
identify critical predictive features. The methodological advancement
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lies in the novel incorporation of the QD + loss function within deep
learning architectures, enabling simultaneous point and interval pre-
dictions with enhanced accuracy. This comprehensive approach pro-
vides real-time analytical capabilities for public sentiment monitoring
while supporting evidence-based decision-making in epidemic contain-
ment strategies.

Through rigorous validation using COVID-19 as a representative case
study with Weibo data - one of China’s most influential social media plat-
forms that serves as a reliable barometer for public opinion - three key
findings emerge: (1) The NSGA-II algorithm configured with a 3-day lag
period demonstrated superior performance across all evaluation met-
rics. (2) Notably, both epidemic progression indicators (e.g., Daily new
deaths) and geographical factors (e.g., Huadong, Huabei, Xibei) persis-
tently emerged as dominant features regardless of lag period duration,
underscoring their pivotal role in driving online discussion intensity. (3)
Comprehensive comparative analyses validated the QD+ framework’s
significant predictive advantages, with Diebold-Mariano (DM) tests sta-
tistically confirming the model’s robustness (p<0.01).

Several important research directions merit further investigation.
First, application of this framework to other infectious disease scenarios
would help establish its generalizability across different epidemiological
contexts, though we acknowledge our current findings are most applica-
ble to China’s digital ecosystem. Second, when implementing real-time
prediction systems, careful consideration must be given to exogenous
variables including policy interventions, economic fluctuations, and nat-
ural disasters due to their potential confounding effects on public sen-
timent formation. Additionally, from a methodological perspective, ex-
ploring alternative advanced deep learning architectures for time-series
forecasting (e.g., transformer-based models or temporal fusion trans-
formers) could potentially enhance performance. Future work could also
benefit from incorporating data from additional platforms to provide
more comprehensive insights into public discourse patterns.
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Appendix A. Feature names for different LAG periods

LAG Feature Name

1 ‘baidu_index_0’, ‘user_ver_4_0’, ‘middle_num_0’, ‘xibei_0’, ‘hai-
wai_0’, ‘Daily new confirmed cases_0’, ‘Daily new deaths_0’,
‘Daily new suspected cases_0’, ‘Daily new number of recover-
ies 0’

3 ‘baidu_index_2’, ‘user_ver_1_2’, ‘user_ver_ 4_2’, ‘older_num_1’,

‘huadong 0’, ‘huadong 1’, ‘xibei 2’, ‘happy_2’, ’angry_2’,
‘sad_0’, ‘surprise_2’, ‘total post.num_1’, ‘total post num_2’,
‘like_num_1’, ‘review_num_0’, ‘fans_num_0’, ‘Daily new con-
firmed cases_2’, ‘Daily new deaths_2’, ‘Daily new suspected
cases_0’, ‘Daily new number of recoveries_2’

5 ’baidu_index_1°, ‘baidu_index_2’, ‘baidu_index_3’, ‘baidu_in-
dex 4, ‘user_ver_0_2’, ‘user_ver_1_0’, ‘user_ver_1_1’,
‘user_ver_1_2’, ‘user_ver 2 0’, ‘user_ver 2 3’, ‘user_ver 4.0’,
‘user_ver_4_3’, ‘female_num_2’, ‘female_num_3’,
‘youth_num_2’, ‘youth_adult num_3’, ‘middle_num_0’, ‘mid-
dle num_2’, ‘middle num 4’, ‘older num_0’, ‘huadong(0’,
‘huadong 4’, ‘huabei 2’, ‘dongbei 0’, ‘xibei 0’, ‘haiwai_2’,
‘positive_1’, ‘happy_2’, ‘happy_4’, ‘neutral 0’, ‘angry 0’,
‘angry_1’, ‘sad_1’, ‘fear 4’, ‘surprise_1’, ‘surprise_2’, ‘re-
view_num_3’, ‘fans_num_2’, ‘Daily new deaths_0’, ‘Daily new
deaths_1’, ‘Daily new suspected cases_1’, ‘Daily new number
of recoveries_2’, ‘Daily new number of recoveries_3’, ‘Daily
new number of recoveries_4’

7 ’baidu_index_0’, ‘baidu_index 1’, ‘baidu_index_2’, ‘baidu_in-
dex_ 67, ‘user_ver_0_0’, ‘user_ver_0_3’, ‘user_ver_0_6’,
‘user_ver_1_1°, ‘user_ver_2_0’, ‘user_ver 2_3’, ‘user_ver 2.6,
‘user_ver_3_3’, ‘user_ver_3_6’, ‘user_ver 4.5’, ‘user_ver 4.6,
‘female_num_0’, ‘female_num_3’, ‘male_num_0’, ‘male_num_4’,
‘male_num_6’, ‘kong num_1’, ‘kong num_2’, ‘kong num_5’,
‘youth_num_0’, ‘youth_num_1’, ‘youth_adult num_0’, ‘mid-
dlenum_6’, ‘older num_0’, ‘older num_2’, ‘older_num_6’,
‘huadong 1’,  ‘huadong 3’, ‘huadong 4’, ‘huadong5’,
‘huazhong 0’, ‘huazhong 2’, ‘huazhong 5’, ‘huabei_l’,
‘huabei_3’, ‘huabei_4’, ‘huabei_5’, ‘huanan_1’, ‘huanan_2’,
‘dongbei_ 4’, ‘dongbei 5’, ‘xinan_2’, ‘xinan_3’, ‘xibei 2’,
‘xibei_3’, ‘xibei_4’, ‘haiwai 5’, ‘negative_ 1’, ‘happy.0’,
‘happy_2’, ‘happy 4’, ‘neutral 0, ‘neutral 5’, ‘angry 0’,
‘angry 1, ‘sad_1’, ‘sad_3’, ‘fear 0’, ‘fearl’, ‘fear.3’,
‘fear 4’, ‘fear 6’, ‘surprise_0’, ‘surprise_2’, ‘surprise_4’,
‘total_post num_1°, ‘total post num_6’, ‘like.num.5’, ‘re-
post_num_0’, ‘repost_ num_1’, ‘repost_num_3’, ‘repost_num_4’,
‘review_num_1’, ‘review_num_3’, ‘review_num_4’,
‘fans_num_4’, ‘Daily new confirmed cases_3’, ‘Daily new
deaths_0’, ‘Daily new deaths_1’, ‘Daily new deaths_3’, ‘Daily
new deaths 5’, ‘Daily new suspected cases 0’, ‘Daily new
suspected cases_2’, ‘Daily new suspected cases_4’, ‘Daily new
suspected cases_5’, ‘Daily new suspected cases_6’, ‘Daily new
number of recoveries_4’, ‘Daily new number of recoveries_6’
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