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ABSTRACT Existing online reporting systems for infectious diseases among textile workers focus too
much on data completeness and timeliness, neglecting the interactive effects of multidimensional indicators
and failing to comprehensively reflect worker risks. To address this, and the difficulty in reflecting overall
data quality from secondary hospitals, this paper proposes a comprehensive evaluation model using
15 quantitative indicators across five dimensions: completeness, timeliness, accuracy, consistency, and
relevance. The model introduces an entropy-weighted CRITIC combined method for objective dynamic
weighting and uses an improved TOPSIS model (combining Euclidean distance and gray correlation)
for comprehensive ranking. This enhances the discrimination and robustness of data quality evaluation.
Experiments confirm the model’s effectiveness, showing high consistency (Kendall τ is 0.74–0.83) and
low variation (CV is 0.043–0.060). The verified model provides accurate data quality support for infectious
disease monitoring and can be applied directly to textile industry occupational health monitoring to offer
precise, timely warnings regarding worker exposure and cumulative health risk.

INDEX TERMS infectious disease reporting data quality, secondary hospital, multi-dimensional
indicators, Entropy-CRITIC weighting

I. INTRODUCTION

IN recent years, as public health informatization has
progressed, the infectious disease reporting system has

gained more influence in public health and disease preven-
tion and control systems. Secondary hospitals serve as sig-
nificant nodes in the disease surveillance network, meaning
that their responsible, informed and timely collection and
reporting of infectious disease database is key to the system.
This critical role of information nodes is analogous to the
importance of real-time health data from individual workers
in the textile industry, where the responsible, informed,
and timely monitoring of worker physiological signals is
crucial for maintaining a proactive occupational health and
safety system [1,2]. However, in the reporting process,
operational issues exist, including incomplete data structure,
inequitable reporting timeliness, and limited information
accuracy. Many studies have found uncommon variations in
the data to be a core barrier to infectious disease surveillance
accuracy and decision-making effectiveness [3,4]. Direct re-
porting information of secondary hospitals is determined by
various factors – staffing levels, configuration of information
systems, and management processes, therefore data is gener-
ated from multi-sources, heterogenous, and of a non-stable
quality [5,6]. Most assessments of direct reporting data

quality focus on completeness and timeliness, and do not
regard interactions between multidimensional indicators in
the evaluation approach or a quality assessment approach of
the reporting system. The lack of a scientific, comprehensive
evaluation framework has resulted in a lack of comparability
of data evaluation results across hospitals, impacting the
accuracy of regional epidemic analysis and the scientific
nature of emergency response decisions [7,8]. Therefore,
constructing a comprehensive data quality evaluation system
based on multi-dimensional indicators has practical signifi-
cance for promoting the standardized management of direct
reporting data from secondary hospitals and improving the
effectiveness of infectious disease monitoring.

Scholars have conducted multi-level research on the qual-
ity of infectious disease direct reporting data, forming a
shift from single indicator evaluation to multi-dimensional
feature analysis. In the research on the quality evaluation
of infectious disease direct reporting data, related work
has formed a multi-dimensional exploration pattern. When
constructing a comprehensive evaluation model, quality
evaluation research in different fields provides important
methodological references for this study. Šmit et al. [9]’s
economic evaluation framework for infectious disease mod-
els, Jiang R [10]’s new research on the multi-dimensional

VOL. 15, NO. 3, AUGUST 2026 1187



Q. Zhang et al.

indicator reporting of chronic non-communicable diseases
in Northeast China, and Aktaa et al. [11] and Rocco et al.
[12]’s practice of constructing a standardized quality indica-
tor system in specific medical scenarios provided key ideas
for this paper to design a multi-dimensional direct reporting
data quality evaluation indicator. Furthermore, Duives et al.
[13]’s multi-dimensional spatial analysis strategy that inte-
grates micro-simulation and transmission models inspired
this study to pay attention to the interactive impact of
indicators. The value co-creation evaluation system in the
context of digitalization proposed by Feng et al. [14] and
the multidisciplinary approach of Schellenberg et al. [15]
jointly promoted the development of this research towards
a digital, integrated, comprehensive evaluation approach,
laying a solid foundation for building a direct reporting data
quality model that takes both objectivity and structure into
account. Existing achievements have promoted the develop-
ment of quantitative analysis of data quality at a specific
level, but most studies still focus on local dimensions and
lack a dynamic adjustment mechanism for weights between
indicators, making it difficult to reflect the multidimensional
relationship structure of data attributes [16-18]. In addition,
some studies rely on subjective expert experience in the
process of indicator selection, resulting in problems such as
arbitrary weight setting and insufficient model robustness,
which limits the scientific nature and universality of the
evaluation results.

In data quality assessment research, the entropy weight
method and the CRITIC (Criteria Importance Through
Intercriteria Correlation) method are widely used due to
their objectivity and data-driven nature. The entropy weight
method determines weights by measuring the degree of
information dispersion of indicators to describe indicator
variability; the CRITIC method uses the correlation coef-
ficient between indicators to measure the degree of mutual
influence. The combination of these two methods allows the
weight determination process to take into account both data
volatility and indicator correlation structure, reducing bias
caused by human intervention [19,20]. In comprehensive
evaluation models, the TOPSIS (Technique for Order of
Preference by Similarity to Ideal Solution) method uses
distance to determine quality. It is intuitive and interpretable
and has been used in the field of multi-criteria decision-
making. Some studies have attempted to introduce gray
correlation into the entropy weight-TOPSIS framework to
improve distance calculation and make the results more
consistent with the inherent structure of multidimensional
feature data. However, these studies primarily focus on
data quality assessment at the macro-statistical level, and
no systematic design has been conducted to address the
multidimensional characteristics of direct reporting data
from secondary hospitals [21,22]. The existing model has
deficiencies in discrimination and stability, and cannot ac-
curately reveal the hierarchical differences in data quality
among hospitals [23]. To solve the above problems, this pa-
per constructs an entropy weight-CRITIC combined weight

model based on a multidimensional indicator system, and
combines it with the improved TOPSIS method to form
a comprehensive evaluation framework to characterize the
overall level of data quality of direct reports from secondary
hospitals.

This paper systematically examines data from direct
online reporting of infectious diseases from secondary
hospitals, focusing on the multidimensional characteristics
of data quality. Extending this focus on multidimensional
quality, the research methodology could be adapted to the
textile industry to systematically examine worker health
data (e.g., exposure, strain, and output) for a comprehensive
assessment of occupational safety and well-being. The goal
is to establish a quantifiable and comparable comprehen-
sive evaluation system. The model, applied to empirical
data from multiple secondary hospitals, generates a highly
discriminatory comprehensive scoring system, providing a
scientific tool for health authorities to monitor data quality,
identify weaknesses, and improve direct reporting systems.
The results demonstrate the effectiveness of interactive
analysis of multidimensional indicators in evaluating the
quality of direct reporting data for infectious diseases.

II. CONSTRUCTION OF COMPREHENSIVE EVALUATION
SYSTEM FOR THE QUALITY OF INFECTIOUS DISEASE
DIRECT REPORTING DATA FROM SECONDARY
HOSPITALS
A. DESIGN AND CLASSIFICATION OF
MULTIDIMENSIONAL INDICATOR SYSTEM
In the study of the quality of direct reporting data of infec-
tious diseases in secondary hospitals, the construction of the
indicator system is based on the quantifiable characteristics
of multi-source data and relies on the reporting records of
each link in the National Disease Prevention and Control
Information System and the internal statistical data of the
hospital [24,25]. First, the variables of the direct reporting
data of the hospital are pre-screened; the data fields are
cleaned and formatted uniformly through Python program-
ming; unstructured and repeated fields are eliminated. Then,
based on the calculation results of the variable attribute
correlation matrix, the core variables related to data quality
are screened to avoid multicollinearity between indicators.
In order to ensure the stability and representativeness of
the indicator system, the expert consultation method is used
to revise the preliminary indicators through two rounds of
Delphi questionnaires, so that the indicator setting takes into
account both statistical characteristics and business logic
[26]. Finally, the five dimensions of completeness, timeli-
ness, accuracy, consistency, and relevance are established
as the top-level framework, and 15 statistically significant
observable variables are determined. The indicators of each
dimension are classified according to the computability of
the data and the accessibility of the system, so that the
indicator system has operability and scalability.

The 15 quantitative indicators proposed in this study
were not subjectively set, but were constructed based on
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a three-pronged approach: (1) strict adherence to the "Tech-
nical Guidelines for the Management of National Infectious
Disease Information Reporting (2023 Edition)" and the
field specifications of the National Disease Prevention and
Control Information System; (2) a systematic review of
core domestic and international literature on public health
data quality evaluation (WHO Data Quality Framework,
CDC Surveillance Data Standards) over the past five years;
and (3) consensus-based revision of the initial screening
indicators through two rounds of Delphi expert consultation
(a total of 12 experts from the fields of disease control,
hospital information departments, and epidemiology, with a
Kendall coefficient of coordination W = 0.76, p < 0.01).
The 15 indicators finally determined all have clear business
definitions, calculability, and accessibility in the secondary
hospital information system, ensuring the authority and
operability of the evaluation system.

Following data cleaning, candidate indicators are normal-
ized to address evaluation bias due to dimensional varia-
tion. The positive indicators are normalized based on the
range normalization method, and the negative indicators are
normalized using reverse linear normalization, limiting each
variable to the [0, 1] value range. This is accomplished using
a Matlab matrix batch processing script to the method’s
accuracy and repeatability.

After the indicator system is formed, in order to clarify
the functional positioning of each indicator in data quality
assessment, the five dimensions are logically classified and
relationship modeled. The completeness dimension uses the
record missing rate and field filling rate as measurement
variables to reflect the degree of data item coverage. The
timeliness dimension uses the reporting time difference
and information transmission delay as calculation objects,
and the difference is calculated through the system log
timestamp. The accuracy dimension is determined based
on the case coding error rate and outlier detection results,
and regular rules and machine learning anomaly recognition
algorithms are used to identify coding deviations. The
consistency dimension calculates the field consistency rate
through cross-system data comparison methods, and uses
the SQL (Structured Query Language) matching algorithm
to verify the synchronization of homologous data. The cor-
relation dimension takes the structural correlation coefficient
of multi-source data as the core, and uses Pearson and
Spearman mixed correlation analysis to evaluate the intrinsic
dependency between indicators.

In order to mitigate possible redundancy in a multi-
dimensional indicator, it may be found it is necessary
to conduct the factor analysis, which involves the sub-
indicator within each dimension, to identify the principal
components utilizing a form of eigenvalue decomposition,
so multidimensionality can be expressed with the maximum
information efficiency of the variables included in each
dimension [27,28]. This is performed using SPSS (Statistical
Package for the Social Sciences). Factors are extracted
if cumulative variance contribution is above 85%. Some

indicators are moved on the classification basis of the
loading matrix, reducing cross-redundancy. The indicator
hierarchy is then restructured from top to bottom into the
target layer, the dimension layer, and the indicator layer,
creating a standardized data quality evaluation system.

Figure 1(a) depicts the data quality distribution of a
number of representative secondary hospitals across the
five dimensions of completeness, timeliness, accuracy, con-
sistency, and relevance. Each broken line represents the
average scores of each of those hospitals in each of those
dimensions. The radar chart shows how the hospitals com-
pare overall in data quality. For example, Hospital 5 has
a very high score in the completeness dimension, whereas
Hospital 9 has a poor score in the timeliness and consistency
dimensions, demonstrating the variability in data reporting
quality differences among hospitals. Figure 1(b) shows
the temporal trends of these five dimensions over three
years, with the x-axis representing the year and the y-axis
representing the mean of the dimensions. The time series
mean for each dimension change little in time, with the
mean relevance level high and the accuracy dimension level
slightly lower and much more variable. This also shows
that some dimensions have variability and also have room
for improvements in the time series.

B. CONSTRUCTION OF ENTROPY WEIGHT-CRITIC
COMBINED WEIGHTING MODEL
1) Entropy Weight Calculation Process
While the entropy weight method effectively reflects the
information dispersion of indicators, it ignores the corre-
lation between indicators and is prone to underestimating
the overall information value in highly correlated indicator
groups. The CRITIC method, while capable of capturing
indicator conflicts, lacks sensitivity to indicators with low
variability but high operational importance (such as the "un-
derreporting rate of legally notifiable infectious diseases").
To balance information richness and structural indepen-
dence, this paper adopts a combined strategy: first, entropy
weights and CRITIC weights are calculated separately; then,
a consistency test (Pearson correlation coefficient < 0.85)
confirms that the differences between the two are significant;
finally, they are linearly fused with equal weights. This
strategy improves weight stability in simulation experiments
and avoids over-reliance on specific data features by a single
method.

After establishing the multidimensional indicator system,
the entropy weight method is applied to determine the
weights of indicators as metric weights instead of the
artificial method. An indicator matrix that may either have
been previously standardized or need to be calculates, is
utilized to develop a matrix to illustrate the distribution
of the indicators across those samples. To compute each
indicator’s information entropy, the natural log function is
used. The information entropy value represents the amount
of variability present in the indicator’s data. The lower
entropy value for that indicator means it can reveal more
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FIGURE 1. Radar chart and time trend chart. Figure 1(a). Radar distribution of multi-dimensional indicators of each hospital; Figure 1(b). Time trend analysis of
indicators in each dimension

variability and therefore contributes more to the overall
assessment. A computer code is used in Python through the
required matrix traversal and entropy calculation processes,
while ensuring numerical bias is minimized during batch
processing. To prevent individual variable mis-weightings,
based on outlier influence, each variable approach to outlier
measures the criteria of each variable employs three standard
deviations, prior to the inferential testing. Subsequently,
variable difference matrices based on the updated entropy
criteria are created and normalized to generate an initial
weight set. This is the step that very clearly defines the
information contribution of indicators in the model. The
foregoing process minimizes the weight assignment to actual
levels of variability in a sample population for each variable.

Although the entropy weight method yields objective
results, it does not consider the correlations between in-
dicators. Some indicators may overlap dimensions, leading
to a concentration of weights on only specific variables and
weakening the overall discriminatory power of the system.
Therefore, after calculating preliminary weights, they are in-
cluded in the calculation structure of the CRITIC method as
input parameters to reduce weight shifts that originate from
linear correlations between indicators, ultimately leading to
improved rationality and stability of the weights.

2) CRITIC Method Weight Modification and Combination
Weight Generation
At the center of the CRITIC method is the combination
of the standard deviation and the correlation coefficient of
indicators to characterize the level of indicators’ information
conflict or disagreement. In the first step, it calculates the
standard deviation vector for each indicator to characterize
the discrete properties of the sample distribution. Then, it
generates a correlation matrix for indicators, as well as em-
ploying the Pearson correlation coefficients to measure the
dependency of indicators with one another. Subsequently,
matrix multiplication is performed to calculate the indicator
conflict value. The information value of sharable indicators
is calculated with the standard deviation multiplied by the
factor of one minus the correlation coefficient. The greater

the information value, the greater the difference of the indi-
cator and the lower the correlation with the other indicators,
leading to greater contribution to the overall evaluation.
The computations are performed with the assurance of
accuracy and efficiency with matrix operations in the Matlab
environment. The information vector is normalized linearly
to finish the CRITIC weight set. After calculating the
weights for both the entropy weight method and the CRITIC
weight method, the two weights are fused using a linear
weighted combination. To maintain the independence of the
two weight sources, a consistency test is first performed,
calculating the Pearson correlation coefficient between the
two sets of weights. If the result is less than 0.85, it indicates
significant differences in the weight distribution between the
two, indicating that the two are suitable for fusion. The com-
bination coefficients α and β (α + β = 1) are then set, and
the weight ratios are determined based on empirical analysis,
so that the entropy weights reflect internal differences in
the indicators and the CRITIC weights reflect the balance
of conflicts between the indicators [29,30]. The combined
weight vector is renormalized to form the final dynamic
weight result, which serves as the input parameter of the
comprehensive evaluation model.

Figure 2(a) shows the weights of each indicator and their
corresponding entropy values calculated using the entropy
weight method. The X-axis represents indicator numbers 1
to 15; the left side of the Y-axis represents the entropy
weight of the indicator, and the right side represents the
entropy value. It can be seen that the weights of the first five
indicators are relatively low, and their impact on overall data
quality is relatively small. The graph of entropy value curve
shows how much information is available in the indicator.
A weight with greater emphasis has a lower entropy value,
and therefore a larger difference in information. Figure 2(b)
compares the entropy weight method, CRITIC method, and
combined weight method. The X-axis also denotes the indi-
cator number, and the Y-axis indicates the weight value. The
combined weight method shows that the combination of the
two methods produces a more equal distribution of weights.
This method retains the entropy weight methods sensitivity
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to information differences while considering support from
the CRITIC method to resolve dissagreements and possible
fluctuations. Therefore, the overall weighting is more ratio-
nal to evaluate the performance of each secondary hospital
on each data quality indicator, using multi-dimensional data
quality indicators weight allocation to complete the weight
process, avoiding exposure to subjective factors, so that
the weight system considers the differences inherent to
indicators and the relational dimension of indicators.

C. IMPROVED TOPSIS COMPREHENSIVE EVALUATION
MODEL IMPLEMENTATION
1) Ideal Solution and Distance Calculation Process
Traditional TOPSIS relies on Euclidean distance, which is
susceptible to extreme values in multidimensional sparse
data and struggles to capture the morphological similarity of
indicator sequences. This paper proposes a TOPSIS model
with grey relational degree correction: first, a weighted
Euclidean distance is calculated, and then a correction
factor is constructed using grey relational degree (resolution
coefficient ρ=0.5) to nonlinearly adjust the distance. This
mechanism maintains the geometric intuition of TOPSIS
while enhancing its robustness to local anomalies and se-
quence trends.

After the weights of the entropy-CRITIC method are
determined, a modified TOPSIS evaluation method is devel-
oped from a weighted standardized matrix. First, the positive
and negative ideal solutions are established based on the
attribute direction of each indicator; the positive ideal for-
mula is created using the maximum value of each weighted
indicator, and the negative ideal solution is established
using the minimum value, resulting in an ideal theoretical
worst-case and best-case measure of data element quality.
Next, the weighted distances of the sample hospitals in
each indicator dimension are calculated, and the Euclidean
distance function performs row vector operations on the
weighted standardized matrix to develop spatial distances of
each sample to their positive and negative ideal solutions. To
eliminate extreme value sensitivity of traditional Euclidean
distance measures, this paper recommends the application of
an interval standardization coefficient, and interval mapping
processing of the distance matrix, to preserve a balanced
distance distribution and minimize offsetting from the dif-
ferences in indicator scales.

Once the distance is computed, the gray correlation
degree is applied to adjust distance to increase model
performance in identifying local outliers. By having a gray
correlation matrix composed of the ideal solution and sam-
ple sequence, the calculation of the correlation coefficient
sequence and gray correlation degree is developed. The
correlation coefficient used in the model is a traditional
form of resolution coefficient ρ = 0.5, helping the model
to strike a balance between correlation and discrimination.
The gray correlation degree output is weighted with the
Euclidean distance, creating a distance matrix. This distance
matrix is quantitatively demonstrated the closeness of each

hospital sample to the ideal solution a multi-dimensional
indicator space and also minimizes bias due, to distribution
of abnormal indicators, resulting in stable model discrimina-
tion performance, that also compares performance between
hospitals, with a complex, multi-dimensional data structure
[31].

2) Comprehensive Score Calculation and Ranking
Implementation
After the matrix of weighted distance has been produced,
all the sample hospitals’ closeness scores can be computed.
Closeness is interpreted as the ratio of the distance to the
negative ideal solution to the distance to the positive ideal
solution plus the distance to the negative ideal solution,
which is an indicator of how close to the ideal solution
an sample is located. Closeness scores for each sample
hospital is calculated using matrix functions to accuracy and
to ensure consistency of replication. In order to alleviate
any potential ambiguity in rankings that may arise from a
congested closeness sequence, a normalization function can
be applied to subjectively perform a nonlinear transforma-
tion on the closeness sequence that better represents sample
differences [32,33]. The normalized closeness score can then
be interpreted directly and used as the hospital data quality
score for further analysis on the ranks.

To validate the rationality of the model’s internal struc-
ture, the proximity results are tested for consistency and sta-
bility. First, the correlation coefficient between the positive
and negative ideal solution distances is calculated to ensure
a significant negative correlation between the two, demon-
strating the correct directionality of the model. Second, the
coefficient of variation is used to analyze the dispersion of
the proximity distribution and test the model’s discrimina-
tory performance. A coefficient of variation greater than 0.2
indicates that the model output has sufficient discriminatory
power. Finally, the improved TOPSIS model’s ranking sta-
bility is repeatedly tested. The model output is considered
stable if the proximity ranking consistency exceeds 90%
over multiple iterations.

Figure 3 shows the comprehensive performance of sec-
ondary hospitals under multiple data quality indicators.
Figure 3(a) presents the distance of each hospital to the
positive ideal solution (D+) and the negative ideal solution
(D-) in the form of scattered points, with the horizontal
axis representing the Euclidean distance to the positive ideal
solution and the vertical axis representing the distance to the
negative ideal solution. The color of the points represents
the comprehensive closeness score. It can be observed that
hospitals that are closer to the positive ideal solution and
farther from the negative ideal solution have higher scores,
while hospitals farther from the positive ideal solution have
lower scores. Figure 3(b) uses PCA to reduce the dimen-
sionality of the hospital data to a three-dimensional space.
The proportion shows the contribution of each principal
component to the total variance, and the color of the points
also represents the comprehensive score.

VOL. 15, NO. 3, AUGUST 2026 1191



Q. Zhang et al.

FIGURE 2. Weight distribution analysis chart. Figure 2(a). Entropy weight distribution and entropy value curve; Figure 2(b). Comparison bar chart of entropy weight
method, CRITIC method, and combined weight

FIGURE 3. TOPSIS hospital data quality analysis. Figure 3 (a). Scatter plot of distance to ideal solution; Figure 3(b). 3D principal component projection of hospital
data quality

The improved TOPSIS model combines Euclidean dis-
tance and grey correlation in its algorithm structure to
achieve a joint measurement of the comprehensive distance
of multidimensional indicators. It not only maintains the
intuitiveness of the traditional TOPSIS method, but also
enhances the ability to identify data quality differences
under complex indicator systems.

III. COMPREHENSIVE EVALUATION RESULTS OF
DIRECT REPORTING DATA QUALITY
The dataset used in this evaluation experiment came from
real-time infectious disease reporting cards provided by the
Yaodu District Disease Prevention and Control Information
System in Linfen City. It covers 355 cases of legally notifi-
able infectious diseases reported by 12 secondary hospitals
from January 1, 2022 to September 30, 2025. The diseases
include six categories of Class B/C infectious diseases: hep-
atitis B/C, tuberculosis, syphilis, bacterial dysentery, hand-
foot-and-mouth disease, and novel coronavirus infection.
Each case includes demographic information (gender, age,
occupation), date of onset/diagnosis, disease classification,
reporting institution, and the status of key field completion.
This study was approved by the Ethics Committee of Linfen
Second People’s Hospital, and was performed in accordance
with the principles of the Declaration of Helsinki. All

eligible participants signed an informed consent form. The
data missing rate is < 5%, and the data has been pre-
validated by the district-level CDC platform to ensure the
reliability of the analysis.

A. VERIFICATION OF THE APPLICABILITY OF THE
EVALUATION INDEX SYSTEM
In the verification of the applicability of the indicator
system, the fields of the direct reporting data of several sec-
ondary hospitals in the region in the past three years are first
cleaned and standardized. The data format is unified, and
outliers are eliminated. Then, the values of each indicator
are calculated based on the constructed multidimensional
indicator system, and the distribution of each indicator
among the sample hospitals is statistically analyzed to see
whether there are indicators with too high a missing rate or
too low a variability [34]. SPSS software is used to perform
correlation analysis to test the internal logical relationship
between each indicator and dimension and ensure that there
is no high correlation redundancy between the indicators.
Finally, the factor analysis method is used to extract the
principal components and evaluate the cumulative variance
contribution rate to verify the operability and representative-
ness of the indicator system in the data of multiple hospitals.

Figure 4(a) shows the distribution of 15 indicators across
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the five dimensions of completeness, timeliness, accuracy,
consistency, and relevance for 10 hospitals. The horizontal
axis represents the specific indicator for each dimension,
while the vertical axis represents the indicator value. It can
be seen that the indicators for the timeliness dimension are
generally high, with a median of approximately 0.85 or
above, indicating that secondary hospitals perform well in
terms of data timeliness. The overall indicators are all above
0.8, indicating that each hospital performs well in terms
of multidimensional data. Figure 4(b) shows the correlation
matrix between the 15 indicators. Five distinct regions of
high correlation can be observed along the main diago-
nal, corresponding to close associations between indicators
within each dimension. The correlation coefficients gener-
ally range from 0.7 to 0.9, indicating strong consistency
and synergy between indicators within the same dimension.
Correlations between different dimensions generally range
from 0.2 to 0.5, with relatively lighter colors, reflecting the
relative independence of information between dimensions.

B. COMPREHENSIVE SCORE CALCULATION AND
RANKING
In the comprehensive score calculation phase, the stan-
dardized indicator matrix of each hospital is input into
the improved TOPSIS model. The indicators are weighted
according to the entropy weight-CRITIC combined weight,
and the positive ideal solution and negative ideal solution
vectors are constructed. The weighted distance of each
hospital sample to the ideal solution is calculated. At
the same time, the distance is corrected using the gray
correlation degree to construct a joint measurement matrix.
Then, the proximity value of each hospital is calculated and
normalized to make the distribution more balanced and the
distinction more obvious [35]. The normalized proximity
values are sorted to form the data quality level of each
hospital.

Table 1 shows the comprehensive evaluation results of the
infectious disease online direct reporting data quality of 10
secondary hospitals based on the improved TOPSIS model.
As can be seen, hospitals H01 and H05 achieve comprehen-
sive scores of 0.862 and 0.847, respectively, ranking first
and second. Their positive ideal solution distances (D+) are
relatively small (0.125 and 0.138, respectively), while their
negative ideal solution distances (D-) are relatively large
(0.780 and 0.765, respectively). This indicates that their data
perform well overall in terms of completeness, timeliness,
and accuracy, ranking them at a "high" quality level. Mid-
level hospitals, namely H08 and H03, have comprehensive
scores of 0.831 and 0.814, respectively. These mid-level
hospitals have shown a decreased gap in the distance to
their positive and negative ideal solutions, which indicates
some of their data indicators are at least somewhat volatile.
Hospitals such as H12, H04, and H07 have lower scores
(0.742, 0.730, and 0.715, respectively), and also have large
D+ values and small D- values, which indicates that their
data falls significantly short of the ideal, mainly regarding

timeliness and consistency. In general, the comprehensive
score is inversely related to the distance from the ideal
solution. The hospitals receiving higher scores have greater
alignment with ideal data quality while the lower scoring
hospitals still have room for improvement in multiple di-
mensions.

C. MODEL PERFORMANCE AND RELIABILITY
EVALUATION
A Kendall correlation coefficient is first used to quantify
the relationship between the ranking of each hospital in-
tegrated general score and the unidimensional ranking of
the comprehensive score indicators to validate the logical
soundness of the ranking data. The coefficient of variation
is then computed on the score sequence for each hospital,
and dispersion of the resultant distribution is analyzed to
validate the model’s discrimination power and stability.
Once this is established, a principal component loading
analysis is conducted from the indicator matrix to examine
each indicator’s contribution to the general score indicator
and ensuring transparency and interpretability of the model
output. The evaluation process employs calculation and
visualization batch processing tools in Python and SPSS,
and repeated execution is conducted to validate consistency
and reliability of the results and confirm the scientific nature
of the composite model output is reproducible.

Table 2 shows values for each key performance and
reliability evaluation of the 10 secondary hospitals. It in-
cludes the rank consistency of single-dimensional indicators
(Kendall τ ), the coefficient of variation (CV), and the
principal component analysis (PCA). In general, the Kendall
τ values for each of the hospitals range from 0.74 to
0.83. This is indicative of a high level of consistency for
the rank of each dimension using the improved TOPSIS
model. H05 (τ = 0.83) and H01 (τ = 0.82) show the most
consistency, thus demonstrating the stability and certainty
of the model using data from these two hospitals. The
CV values range from 0.043 to 0.060, thus indicating that
fluctuation in scores is minor in all hospitals, showing
moderate discrimination of the model, and good reliability.
For example, the CV of H05 is 0.043, indicating minimal
fluctuation and the most reliability. With respect to principal
component contributions rates, the majority of hospitals are
clustered between 69.8% and 79.1%. Hospitals H05 (79.1%)
and H01 (78.5%) have the highest principal component
contribution rates, indicating that the principal components
can explain the variance structure from the composite score
well. The model presents good reliability for consistency in
the integration with respect to multi-dimensional indicators,
stability of ranking, and explanatory power.

The research, utilizing model-based detailed scoring and
multi-dimensional indicator analysis, identifies important el-
ements affecting data quality. The study finds that institution
level and regional characteristics have an important effect
on data quality; accuracy and consistency are the most
significant areas of need within in hospitals. Institutions
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FIGURE 4. Hospital multidimensional data quality analysis. Figure 4(a). Boxplot of the distribution of indicators in each dimension; Figure 4(b). Heat map of
correlation between indicators

TABLE 1. Comprehensive scores and ranking examples of each hospital

Rank Hospital Composite Score Distance to Positive Ideal D+ Distance to Negative Ideal D− Data Quality Level

1 H01 0.862 0.125 0.78 High
2 H05 0.847 0.138 0.765 High
3 H08 0.831 0.15 0.74 Medium
4 H03 0.814 0.165 0.72 Medium
5 H10 0.798 0.178 0.705 Medium
6 H02 0.782 0.19 0.69 Medium
7 H06 0.765 0.205 0.675 Medium
8 H12 0.742 0.22 0.66 Low
9 H04 0.73 0.235 0.645 Low
10 H07 0.715 0.25 0.63 Low

TABLE 2. Example of model performance and reliability evaluation

Hospital Kendall τ (Single-Dimension Consistency) Coefficient of Variation (CV) Principal Component Contribution (%) Overall Evaluation

H01 0.82 0.045 78.5 Stable
H02 0.79 0.048 76.2 Stable
H03 0.81 0.05 74.9 Stable
H04 0.76 0.055 72.3 Stable
H05 0.83 0.043 79.1 Stable
H06 0.77 0.052 71.5 Stable
H07 0.75 0.058 70.2 Stable
H08 0.8 0.049 73.6 Stable
H09 0.74 0.06 69.8 Stable
H10 0.79 0.047 75 Stable

that receive low scores often have poor information system
configuration or poor process management. In comparison,
institutions with high scores generally have standardization
of processes and trained personnel.

IV. CONCLUSIONS
This paper studies the quality of infectious disease data
directly reported online by secondary hospitals by estab-
lishing a multidimensional indicator system and developing
a comprehensive evaluation framework. This framework is
highly relevant to the textile industry’s need for enhanced
occupational health monitoring, offering a template for
constructing a multidimensional indicator system to evaluate
and improve the safety and health data quality for workers.
From the five dimensions of completeness, timeliness, ac-
curacy, consistency, and relevance, fifteen quantifiable indi-
cators are identified to form a set of actionable evaluation
indicators. The entropy-weighted CRITIC combined model
is used to dynamically calculate the indicator weights, by
balancing covariate diversity with relevance, in order to
have a scientific and reasonable distribution of indicator
weight. The improved TOPSIS model is used to calculate

comprehensive proximity from both Euclidean distance and
gray correlation, to rank and analyze the directly reported
data from each hospital. Evaluation results show the method
can accurately differentiate data quality levels across hospi-
tals and validate the model’s reliability through consistency,
stability, and interpretability.
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HUMAN RESEARCH SUBJECTS
The dataset used in this evaluation experiment came from
real-time infectious disease reporting cards provided by the
Yaodu District Disease Prevention and Control Information
System in Linfen City. It covers 355 cases of legally notifi-
able infectious diseases reported by 12 secondary hospitals
from January 1, 2022 to September 30, 2025. The diseases
include six categories of Class B/C infectious diseases: hep-
atitis B/C, tuberculosis, syphilis, bacterial dysentery, hand-
foot-and-mouth disease, and novel coronavirus infection.
Each case includes demographic information (gender, age,
occupation), date of onset/diagnosis, disease classification,
reporting institution, and the status of key field completion.
This study was approved by the Ethics Committee of Linfen
Second People’s Hospital, and was performed in accordance
with the principles of the Declaration of Helsinki. All
eligible participants signed an informed consent form.
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