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Abstract

Chronic non-communicable diseases (CNCDs) are the leading cause of morbidity
and mortality worldwide. Currently, diagnostic information for CNCDs remains
incomplete and is subject to ongoing change, leading to uncertainty in diagnostic
conclusions and severely impacting disease control. Therefore, it is necessary to
study decision-making theory and methods for assisting clinical diagnosis. Given
the characteristics of clinical diagnostic decision problems, this paper discusses the
temporally correlated rough set theory and its three-way clustering model. Firstly,
the temporal correlation rough set model based on the gradient and cosine similarity
is defined. Then, the clinical diagnostic decision process for CNCDs is transformed
into a three-way clustering problem with temporal correlation attributes. A three-
way clustering model based on a temporal correlation rough set is constructed
to support clinical diagnosis decisions for CNCDs. In this model, the common
features of temporal association attributes are identified using a positive domain-
based three-way clustering algorithm. Finally, the validity and applicability of the
theoretical model are verified using real clinical data from 80,139 visit time points
and 83 laboratory examination indicators from 3,094 chronic kidney disease (CKD)
patients. Based on the algorithm’s calculations and a retrospective literature review,
B2-microglobulin is identified as a candidate marker for CKD that warrants further
validation and could provide auxiliary decision support for clinical practice. The main
contribution of this paper is twofold. One is to make a new theoretical contribution
to the data-driven research paradigm of clinical diagnosis decision-making. Another
is to provide quantitative decision support for clinical diagnosis.

Keywords: Rough sets; Three-way clustering; Clinical decision-making; Temporal
correlation features
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1. Introduction

Chronic non-communicable diseases (CNCDs) are
persistent health-related diseases that impair quality
of life and are a major cause of morbidity and mortality
worldwide."? The accuracy of clinical diagnosis decisions
is crucial for CNCD patients to receive effective and timely
treatment, improving their quality of life and prolonging
survival. The clinical diagnosis of CNCDs is a dynamic
decision-making process that integrates patient symptoms
with progressively accumulating diagnostic indicators
to arrive at the most accurate possible conclusion.
In principle, clinical assessment should integrate
physiological indicators (laboratory tests and imaging),
symptoms, medical history, and other clinical diagnostic
indicators, and, through comprehensive analyses, provide
the disease name, disease progression, and other diagnostic
conclusions. However, given a variety of complex factors,
such as clinical load, testing technology, out-of-pocket
costs, and medical insurance burdens, clinicians aim to
provide diagnostic conclusions quickly with as few primary
indicators as possible.

Chronic kidney disease (CKD) is one of the most
common CNCDs.? According to a previous study, 11-13%
of the world population suffers from CKD.* Because the
etiology of CKD is unknown, the glomerular filtration
rate is a key indicator of CKD progression. However, as
the spectrum of human diseases continues to change,
chronic disease comorbidities are becoming increasingly
diverse. Retrospective studies have shown the limitations
of a single laboratory test® and glomerular filtration rate®’
in diagnosing CKD. Starting with the most comprehensive
laboratory test data, exploring the disease’s key influencing
factors, and identifying the key markers for clinical
diagnosis are urgent needs for clinical decision-making.®®

In our study, a class of clinical diagnosis decision
problems with temporal correlation characteristics was
extracted from the dataset of 80,139 visit time points and
83 laboratory examination indicators of 3,094 patients
with CKD, and the common characteristics of correlated
objects driven by massive attributes were studied to
identify primary laboratory indicators (or indicator sets)
for clinical diagnosis of CKD. Our study helps establish a
data-driven clinical diagnostic decision-making paradigm
and provides auxiliary decision support for clinical
diagnosis by analyzing large-scale clinical data.

The clinical diagnostic process generates a large
number of attributes and data (each CKD evaluation
covers approximately 80 indicators) that require special
theoretical models or techniques for analysis and
meaningful interpretation. Attempts to employ data
discovery and machine learning models in order to unearth

complex data characteristics and relationships have a long
track record in clinical decision-making.'*"* Additionally,
in parallel with the advances of Pawlak’s Rough Sets (RS)
theory", numerous studies emerged to address problems
of using RS in clinical decision-making applications.'>"’
RS offers a powerful mathematical framework to acquire
information about data that cannot be categorized with
traditional set theory.’® The basic idea of classical Pawlak
RS™" is to describe imprecise or uncertain concepts by
using the definable set obtained from the equivalence
relation, so as to give the upper and lower approximate
sets of the target concept, and to describe the uncertainty
of the target concept through the boundary field between
the upper and lower approximate sets. RS properties and
ability to produce strong decision rules from incomplete
and noisy data' deliver flexibility and interpretability,
which are lacking in black-box models based on machine
learning methods. RS is widely used in numerous fields,
such as credit evaluation®, industrial processes®, design®,
financial forecasting®, and environmental forecasting.***

Using RS to address temporal correlation in feature
information without artificial labels is an important
problem in the study of RS extended models.*** For
temporal attribute information, Yao® demonstrated an RS
data analysis model for the discovery of decision rules from
time series data. Podsiadlo and Rybinski? investigated the
feasibility of RS for building profitable trend-prediction
models for financial time series. Temporal information
is essentially data whose attribute values and attributes
are constantly updated over time. Dong et al.*® proposed
a relative discernibility relation to represent the samples
and features of fuzzy RS in a unified manner. Ni et al.*
devised incremental mechanisms of positive region and
dependency function using concepts from fuzzy RS on
incremental datasets. For attribute correlation, a common
approach is to count the co-occurrence frequency of
attributes in the output space. To address the lack of
correlation attributes classification methods, Che et al.*!
demonstrated the RS attribute reduction algorithm for
aggregation-related local attribute correlations to obtain
global label correlation. Lee et al** described a relative
value trading system based on a correlation and RS analysis
for the foreign exchange futures market.

However, existing research on the temporal correlation
RS (TCRS) model primarily focuses on its application
to processing the temporal correlation hybrid data, such
as attribute reduction and feature selection. Theoretical
research on the TCRS model, such as the temporal
correlation hybrid binary relation, requires further
in-depth study, given the prevalence of practical temporal
correlation decision-making problems.
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Furthermore, to extract the common features of the
objects driven by interrelated massive attributes—based
on the construction of the TCRS model to achieve the
pre-classification of data without artificial labels—the
clustering thinking is introduced, so that the objects
with the same attribute characteristics are aggregated in
a cluster, and the primary correlation features are found
in this cluster. Traditional clustering methods group
individuals (outliers) who deviate from the overall pattern.
Individuals (edge points) may exist and hover between two
or more classes. In addition, traditional clustering methods
are ineffective when dealing with clusters with the nearest
regions.” Both of these conditions can lead to unstable and
irrational clustering results. Three-way clustering (TWC)
is a fundamental problem in three-way decision theory*,
which describes the three-way relationship between an
object and a cluster, whether it may/may not/may or may
not belong to the cluster. Sun et al* extended density
peaks clustering to TWC nearest neighbors to deal with
higher density samples. There are also studies that combine
evidence theory with TWC to develop a TWC expansion
model that addresses specific data characteristics.® Ali et
al*” defined TWC to improve the label allocation strategy
of the nearest sample to distinguish the intension and
extension of a cluster to improve the clustering accuracy.
However, theoretical research on TWC needs further
development, particularly the meaningful construction of
two sets and three regions.”

The current paper summarizes a class of clinical
diagnosis decision-making problems characterized by
temporally correlated attribute information characteristics
from the decision-making process and clinical data of
clinical diagnosis of CKD, applies RS and TWC theory
to construct a TWC model based on TCRS, and applies
it to the decision-making problems of clinical diagnosis
of CKD. First, a TCRS model was constructed to perform
pre-classification of temporal correlation information
without artificial labels. Second, the unsupervised TWC
model was used to construct the two-set and three-
region RS model of time series, and a TWC model based
on a positive domain was designed. Finally, using the
unmarked dataset of 3,094 CKD patients (including 80,139
visit records and 83 laboratory indicators), based on the
proposed theoretical model, unsupervised clustering
of CKD patients was realized, and the characteristics of
patients with a clinical diagnosis of CKD were identified,
and the initially undetectable trends in CKD diagnosis
were identified. The primary correlation indexes for CKD
diagnosis were determined, and the effect of clustering was
evaluated using the silhouette coefficient (SC). The finding
provides additional support and guidance for clinical
decision-making based on the experimental results.

The rest of this paper is organized as follows: We
briefly introduce the preliminaries related to our work in
Section 2. The details of the TCRS-TWC are introduced
in Section 3. The CKD diagnosis model based on TCRS-
TWC is introduced in Section 4. Section 5 presents the
experimental results on the datasets and the sensitivity
analysis. Finally, we summarize our work and future
research in Section 6.

2. Preliminaries
2.1. Rough sets

Rough sets are well-suited to managing vague and
uncertain information. By reducing knowledge while
preserving classification capability, one can derive
decision or classification rules. The extension of the RS
model fundamentally depends on how the approximation
operator is defined.

Definition 2.1."

Let (U, R) be an approximation space and
[u,]; = {up € U|(u;,u,) € R be an equivalence class of .. For
any X € U, the lower and upper approximations of X are
defined as in Equation (1):

appry(X) = ui €U | [uil, < X}
aper(X)={u,.eU|[ul.]RmX¢0} (1)

Definition 2.2.™

Given a set-pair (apprk (X),appr, (X )), the three regions of X
are defined as in Equation (2):

POS(X) = appr, (X)
BND(X) = appr,(X) - appr, (X) (2)
NEG(X) =U -appr, (X)

2.2.Three-way clustering representation

Unlike classical clustering methods, TWC utilizes interval
sets to represent clustering outcomes, which differs
distinctly from the representation of C=1{C,C,,--,C,}
with k clusters as a result.

Definition 2.3.3%%

Given a universe set U ={xL,x2,..,xM}, which has M
objects and each object has K attributes, represented as
xm = (mml,mm2,...,mmk) . The three-way clustering is
defined as Equation (3):

C = [g,a] =[POS(C,), POS(C,)w BND(C,)] (3)
where C, is called the lower bound (i.e. the core region

of a cluster) and C, =POS(C,). C, denotes the largest

i
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possible region of a cluster, which is named the upper
bound, C, = POS(C,)u BND(C,).

Let NEG(C)=U-POS(C,)uBND(C,) indicates
all objects in this region that do not belong to the cluster
C. A cluster result is divided into three regions: POS(C,)
, BND(C,) and NEG(C,). POS(C,) contain points in Ci
and belong to the cluster. BND(C,) contains fringe points
in C, though it also belongs to the cluster; it is distributed
in edge regions and may belong to other clusters. NEG(C,)
, formed by the remaining objects in U — C, does not
belong to the cluster. For the family of clusters C, its TWC
representation is shown in Equation (4):

c-{{c.c][c.C][c.C])

3. Three-way clustering based on temporal
correlation rough sets

We constructed a TCRS model and a TWC model to
classify temporal association attributes information.
First, for the time-series and correlation features, change-
measure functions based on two methods (gradient and
cosine similarity) and the distance function based on
residual were constructed. On this basis, a TCRS model
was constructed. Secondly, a TWC algorithm based on a
temporal association RS model was developed to classify
temporal-association hybrid attribute information. The
research idea of this section is shown in Figure 1.

(4)

3.1. Temporal rough set model based on gradient

In this part, we introduce the temporal RS. We illustrate the
temporal feature decision-making problem by introducing
an example from clinical diagnosis and treatment.

Example 1. The decision object x, (i.e., the patient) is
associated with the following examination indicators
A={al,a2,a3,a4,a5} : urinary microalbumin, creatinine
(Cr), urea nitrogen, carbon dioxide (CO,), and hemoglobin
(HE). Within the selected treatment period, patient x,
was examined on four occasions T =¢1,£2,¢3,t4. The
corresponding clinical and treatment records for this
patient are provided in Table 1.

Table 1. The dataset on the examination and treatment of patient

Definition 3.1. Let TS = {(x, T, A, f), (x,, T, A, f), . . ., (x,,
T, A, f)} be a decision-making information system with
temporal correlated hybrid attribute feature, where U =
{xx,...,x ,....x,} beaset of decision-making objects, T
={t,t,...st,...,t,} beadecision time point set, A = {a,,a,,

@, - . . a4} be a set of attributes. The decision object x,
corresponds to the decision scheme s, at each decision time
point £. For each object x € U, attribute a € A, and time
point t € T, there is a corresponding information function
a: Ux T~ f(a,t). Let VF (a, t) be the gradient set of the
decision object x on the attribute a and the time point ¢. For
x, € U, the metric formula between temporal attributes,

i.e., the gradient, is shown in Equation (5):
VF, (a,t) = (falar,t;), fi(ar, t;))cosd (5)

Example 2. The gradient values of Table 1 derived from
Equation (5) are shown in Table 2.

Proposition 1. The universe: U is a non-empty finite set, R
is a serial relation on U.

(i) serial, if Vx € U, there 3y € U such that ny.
(ii) reflexive, Vx € U, there xR
(iii) symmetric, Vx, y € U, there ny = JR.

3.2. Temporal correlation rough sets based on
cosine similarity and distance measurement

In this section, two RS operators with temporal correlation
features, namely directional binary relation R  and
distance binary relation R , were constructed. An RS is one
where the upper approximation is larger than the lower
approximation. The lower approximation of a set X(XU)
uses equivalence classes containing period information.?

Definition 3.2. Consider a decision-making information
system with temporally correlated hybrid attributes,
denoted as TS = {(x1, T, A, f), (x,, T, A, f), ..., (x,, T, A,
N} Here, for any object x € U, attribute a € A, and time
point t € T, the corresponding information is given by
the function a: U x T > f (a, t). Let VF (a, t) represent
the gradient set of object x regarding attribute a at time
t, and let p denote the attribute correlation degree. The

T z:i:;:l}l’bumin (mg/L) Creatinine (mg/g) Urea nitrogen (mg/dL) ?I::L)z;;]fl)ioxide Hemoglobin (g/L)
tl 1,959.00 220.00 18.70 22.00 112.00
t2 2,093.50 250.00 12.96 25.30 103.00
t3 2,228.00 465.00 23.42 20.80 101.00
t4 2,160.75 577.00 22.57 25.80 141.00
Volume 3 Issue 3 (2026) 4 doi: 10.36922/AIH025470107
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Figure 1. The flowchart for three-way clustering based on temporal correlation rough sets

Table 2. The gradient values of x,

T Vin(al,t) Vin(az,t) Vin(as,t) Vin(a4,t) Vin(as,t)
£ 134.50 30.00 —6.26 3.30 -9.00
[ 134.50 122.50 2.36 -0.60 -5.50
t, 33.63 163.50 4.80 0.25 19.00
t -67.25 112.00 -0.85 5.00 40.00
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similarity between two decision objects x, y € U is defined
in Equation (6).

S(z,y) (t) = cos(VF,(a,t), VFy(pm t))) (6)

Definition 3.3. Let R, be a binary relationship based on
attribute values changing over time (Equation (7)):

Ry :{(y,t)GUXT|(xay)ES(x,y)(t) (7)

Definition 3.4. Within the same information system TS
described in Definition 3.2, the distance d(x, y)(t) between
decision objects x and y (x, y € U), computed from
residuals, is defined in Equations (8)-(12). This definition
utilizes the previously introduced gradient set VF (a, t)
and the attribute correlation degree p.

f(ak,tN>=ﬁZ,.eNf<ak,r,-> ®)
1
f(al(ﬂti)zmziel(f(ak’ti) 9)
1
f(aK’tN):WZieK,ieNf(ak’ti) (10)

r(ag,t) = (fa,,t,) - f(a,ty) - fag,t) - fag,ty) (11)

dizg) (t) = (Chek,ien (Talan,ti) — pry(ak,ti))2)% (12)

where r(a,, t) is the residual error of the domain value of
the function f (a, t). p is the correlation coefficient between
attributes. The relationship between attributes can be
divided into the following three cases (Figure 2): (i) p > 0,
indicating a positive correlation between attributes; (ii) p =
0, indicating that attributes are independent; and (iii) p <
0, indicating a negative correlation between attributes. In
clinical diagnostic decision-making, p is used to represent
the same or opposite trend between two known physical
examination indexes.

Definition 3.5. Let R, be a binary relationship based on
attribute distance (Equation (13)):

R, ={(x.y) eUxU|(x,y) ed,, ()} (13)

Definition 3.6. Let R and R, be two binary relations
on U, where R is a similarity binary relation, and R,
is a differential binary relation. R(A, T)(x) = {Rs, R}
be a temporal correlation binary relation on U, the

approximation operators of TCRS are shown in Equation
(14):

R(A,T)(x)=R R, ={(x,y) eUxU ‘S(x,y)(t) wd,, (0}
R(A,T)(x)=RsNRd ={(x,y)eUx U‘s(x,y)(t) Nd(x,y)(t)}

The two operators describe the direction and distance
of objects x and y (x, y€ U) in the time series. R(A,T)(x)
indicates that the closer the direction and distance are, the
higher the similarity between the objects. Furthermore, the
two basic RS operators can correspond to risk preferring
R(A,T)(x) decision making and risk-averse R(A,T)(x)
decision making of reality. R(A,T)(x) indicates the decision
maker prefers either direction or distance. R(A,T)(x)
indicates the decision maker prefers both direction and
distance.

3.3. Three- way clustering based on the temporal
correlation rough sets model

From a decision-making perspective, there are two types
of relationships between an object and a class cluster: the
object is determined to belong to this class cluster, and
the object is determined not to belong to this class cluster.
This is the clustering result of two-way decision-making.
This representation cannot capture the object’s uncertainty
during data partitioning. The TWC method introduces
a new division that this object may or may not belong to
this class cluster, and is more in line with the practical
management and decision-making problems.

Definition 3.7. Let s(x, y)(¢) and d(x, y)(t) be direction
measure and distance measure, respectively. R(A, T)(x)
= {Rs, R d} be a temporal correlation binary relation on U,
where R isa directional binary relation, and R ,isadistance
binary relation. The decision objects are classified by R(A,
T)(x) into four sets according to risk preference. Given a
similarity threshold 6 (6 € [0,1]) and a distance threshold
p(y = 0). The family of clusters C, its TWC C = {POS(C),
POS(C)U NEG(C), NEG(C)}, is shown in Equation (15).

POS(C ={(2,y) € (@) (t)) Nd(zy)(t) < pu}
POS(C) U BND(C) B {O < |(5(z,y)(t)' <6n (d(z,y)(t) > ,u)} (15)
NEG(C) = {0 < |(8(2)(8)| < 1N (d(zy)(t) > )}

where a certain positive cluster POS(C) contains a collection
of objects with both similar directions and close distances.

Figure 2. The relationships between attributes
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The uncertain cluster POS(C)\U BND(C) contains a
collection of objects with both similar directions and far
distances. The certain negation set NEG(C) contains other
objects.

Theorem. Let the certain set POS(C), the maximal set
POS(C) W BND(C) and the negation set NEG(C) be TWC
sets on the low approximation set R(A,T)(x) of TCRS
(Equation (16)).

POS(C) U POS(C) U BND(C) U NEG(C) = R(A,T)(x)
POS(C) N (POS(C)n BND(C)) " NEG(C) =D

Proof. POS(C) U POS(C)U BND(C))w NEG(C)
= {0 S’ S(z,y)(t) |§ 1IN d(z,y)(t) < .u’} U {0 <

|8 ()] < 1N d(ay () > p}U{0 < |53y (t)] <
0N ((2,y) € day) ()} = {0 < sz (H)| < 1N ((2,9)

€ d(uy) (1))} U{0 < |50 (8)] < 001 ((2,9)
€ day) (1)} = {((2,9) € 52 () N ((2,¥) € diay) (1))}

=) es,,O)n(xy)ed,, @) =R(AT)(x)

4, Diagnosis model of chronic kidney
disease based on temporal correlation
rough set-based three-way clustering

4.1. Problem description

The clinical diagnosis of CNCDs is highly incomplete
and time-series dynamic. Clinical decision-makers
comprehensively analyze the characteristic indicators
of abnormalities from laboratory examination results,
patient symptoms, and disease history, and draw definitive
conclusions about the type of disease or the extent of disease
progression. To improve the quality of clinical diagnostic
decision-making, common characteristic indicators
that help determine disease types can be extracted from
historical disease-diagnosis data, and the quantitative
representation and characterization of diagnostic decision-
making results can be achieved using these indicators. In
addition, an accurate diagnosis can be made possible by
quantitative analysis and calculation.

Chronic kidney disease is a kind of chronic disease
with an unknown cause, rapid progression, and requires
regular follow-up and treatment once diagnosed. CKD is
also associated with various diseases, such as anemia and
heart disease. The evaluation of each visit should be based
on the perspectives of nutrition, metabolism, fluid and
electrolyte balance, and complications, using indicators to
assess disease progression and test results that cover a wide
range of diseases. In particular, as complications increase,
the glomerular filtration rate, a primary indicator often

used to assess CKD progression, has gradually lost clinical
significance. It is an urgent need for clinical diagnosis to
analyze the trends of various correlated indicators and
explore the historical time-series dynamic laboratory
indicators of CKD progression as comprehensively as
possible.

The proposed TCRS-TWC model can support clinicians
in diagnosing and monitoring CKD through several
practical applications. Firstly, a decision support tool: by
identifying key temporal patterns in laboratory indicators,
the model can highlight patients showing abnormal
progression trends, enabling early intervention. Secondly,
guideline complement: while existing guidelines (e.g.,
Kidney Disease: Improving Global Outcomes [KDIGO])
focus on established markers, such as estimated glomerular
filtration rate, our model can identify additional correlated
indicators that may provide complementary information,
especially in complex cases. Thirdly, workflow integration:
the model could be embedded within Electronic Health
Record (EHR) systems to provide real-time alerts when
patients’ laboratory trends deviate from expected patterns,
supporting personalized monitoring plans. Fourthly,
biomarker discovery: the unsupervised approach can
reveal novel associations between laboratory markers,
generating hypotheses for further clinical validation.

Therefore, this paper addresses how to assist clinicians in
rapidly generating scientifically sound, accurate diagnostic
conclusions under time- and resource-constrained
conditions by integrating incomplete, temporally evolving,
and interrelated laboratory data with historical diagnostic
evidence, thereby improving the accuracy and efficiency of
clinical decision-making.

4.2. Model construction

Based on the above description of the characteristics of
CKD clinical diagnosis decision problems, the following
uses the TCRS-TWC model defined in Section 3 to present
a decision model of CKD clinical diagnosis decision
problems with the characteristics described in Section 4.1.

LetU={x,x,...,x, ,...,x,} beasetof CKD patients,
T={tst,...,t,...,t,} beadecision time point set, A = {a ,
ay...,4a,...,a}beasetof laboratory test indicators for
patients with CKD, such as Cr, and urinary microalbumin.
Each patient x, has a set of laboratory test indicator values

set f (a,t) at the time point t.

Through the statistical analysis of the diagnostic data
of CKD in a certain continuous period, the time series
laboratory index A and the inspection index value f of
the disease at different time points T can be obtained, as
well as the correlation measure R(A, T)(x) between the
indicators. Affected by objective factors such as time and
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cost, the dataset is randomly sampled over time. From
the perspective of the whole disease course cycle, A is the
incomplete index set on the patient (decision object).

The closer the direction s y(t) and distance d_ y(t)
indicate a closer relationship R(A, T)(x) between the two
laboratory indexes. Therefore, a temporal correlation
decision information system TS for chronic disease
clinical diagnosis decision is constructed. The upper and
lower approximations of R(A, T)(x) for the correlation
of laboratory test indicators with respect to TS can be
obtained from Definition 3.5.

From the discussion in Section 3, the lower
approximation R (A, T)(x) is the minimum set considering
the correlation of indicators in both direction and distance,
and the upper approximation R (A, T)(x) is the maximum
set considering the similar direction or distance. Direction
and distance thresholds are set so that the indicators most
relevant to the direction of disease progression can be
obtained within the minimum set (indicator set).

4.3. Algorithm
The algorithm for the TCRS-TWC model is as follows:

Input: Temporal correlation decision information for
clinical diagnosis of chronic diseases without artificial
markers.

Output: Optimal decision result.

Step 1: The direction similarity relation Rg is calculated
for the temporal attribute information according to
Equations (6) and (7).

Step 2: The distance similarity relationship Rd is
calculated for the associated attribute information
according to Equations (8)-(12).

Step 3: The minimum index set of temporal correlation
attribute information is calculated according to Equation
(14).

Step 4: The indicators most associated with disease
progression (indicator sets) are calculated according to
Equation (15).

Step 5: The optimal decision conclusion is obtained.

5. Experiment
5.1. Dataset

With the widespread adoption of her system and the
explosive growth of medical data, it has become a primary
research direction to mine valuable information from
EHRs to assist clinical decision-making without artificial
markers. In this section, we used EHRs from 3,094 patients
and 80,139 treatment points without artificial markers,

from the Nephrology Department of Zhongshan Hospital
of Traditional Chinese Medicine from 2019 to 2022, to
verify the validity and applicability of the theoretical model
proposed in this paper. Furthermore, compared to the
performance of clustering algorithms such as K-means, the
experiments were conducted. The data distribution with 80
laboratory indicators is shown in Figure 3.

5.2. Data preprocessing and feature engineering

To ensure reproducibility and methodological rigor, our
data preprocessing pipeline is as follows:

Missing data: For patients with missing values in their
time series, we employed linear interpolation for gaps of
<3 consecutive time points. Patients with >30% missing
data across all time points were excluded from the analysis.

Normalization: ~All laboratory indicators were
normalized using Min-Max scaling to the range [0,1] to
ensure comparability across different measurement units:

X-X
xn()rm = —
max xmin

Outlier detection: Values beyond +3 standard deviations
from the mean for each indicator were treated as potential

outliers and reviewed by a clinical expert.

Feature selection: Initial feature selection was
performed using variance thresholding (removing features
with variance < 0.01) and correlation analysis (removing
features with pairwise correlation > 0.95).

Computational implementation: All analyses were
implemented in Python 3.9 (Python Software Foundation,
Netherlands) using NumPy (v1.24.0), SciPy (v1.10.0), and
scikit-learn (v1.2.0) libraries. Experiments were conducted
on a server with 32 GB RAM and an Intel Xeon E5-2690
processor.

We used EHRs from 3,094 patients and 80,139 treatment
points, without artificial markers, from the Nephrology
Department at Zhongshan Hospital of Traditional Chinese
Medicine, covering 2019 to 2022, to assess the validity
and applicability of the theoretical model proposed in this

paper.
5.3. Experimental results

It is assumed that the entire sample space is the lower
approximation space of the sample. Given the change
measure 0 = 0.1 and distance d = 3,300, the result of
TCRS-TWC is shown in Figure 4. The green dot (NEG(C))
indicates the Cr. The blue dots (POS(C) \U (BND) indicate
uric acid, platelet (plt), microalbuminuria, parathyroid
hormone and ferritin (Fe). The red dots (POS(C)) indicate
other indicators.
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Figure 3. The data distribution with 83 laboratory indicators and 3,094 samples (n = 3,094, a = 83)
Abbreviations: AST/ALT: Aspartate aminotransferase/alanine aminotransferase; CV: Coeflicient of variation; HGB: Hemoglobin; PLT: Platelet; RBC: Red
blood cell; SD: Standard deviation.
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The SC and Calinski—Harabasz index (CH) are used to
evaluate the effect of TCRS-TWC. Figure 5 shows the SC in
terms of cosine similarity and distance, respectively. Figure
6 illustrates the effect evaluation of TCRS-TWC by CH.
The value increases gradually from blue through cyan and
green to yellow and red.

After clustering into three categories, each category
selected abenchmark index and other indicators of the class
to calculate the T value, which was then used to generate a
box plot, as shown in Figure 7. Two-sided unpaired ¢-tests
were performed. In boxplot graphs, the center line indicates
the median, the bounds of the box indicate the 25th and
75th percentiles, and whiskers indicate the minimum and
maximum (p < 0.0001). The sample distribution after the
t-test (Figure 7) is consistent with Figure 4. The clustering
results show meaningful alignment with clinical staging
systems and expert judgment, as further detailed in Section
5.7.

5.4. Experimental comparison

Traditional clustering algorithms, including K-means,
hierarchical clustering, agglomerative clustering, and
Density-Based Spatial Clustering of Applications with
Noise, were used to process the dataset in this study. SC
and CH were also used to evaluate the clustering effect.

Experimental comparison results are shown in Figure 8.

The proposed TCRS-TWC, with a good classification
effect, divided the raw data into three categories. However,
increasing the number of clusters in baseline methods
tended to reduce cluster stability. In addition, traditional
unsupervised clustering methods are primarily used to
identify and create data groups or classifications, but
cannot be used to evaluate relationships between data
features. Therefore, the proposed TCRS-TWC, compared
to traditional unsupervised clustering methods, realizes:

(i) Stability of clustering effect.

(ii) The relationship between attributes could be used for
evaluation.

(iii) New clinical findings were calculated from large
clinical sample data.

5.5. Analytical studies

Clinical experience shows that five critical indicators
reflect changes in CKD: urinary microalbumin, Cr, urea
nitrogen, CO,, and HE. Using the proposed theoretical
model, a comprehensive analysis of large-sample data,
the top 30 indicators can be identified from 80 indicators.
Figure 9 shows the correlations among these 30 indicators;
the first row shows cosine similarity, and the second row
shows the distance value. The following five sets of strongly
correlated indicators are also listed in Figure 9.

Figure 4. The result of the temporal correlation rough set-based three-way clustering
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Figure5 .Effect evaluation of the temporal correlation rough set-based three-way clustering by silhouette coefficient from different angles. (A) In terms of

cosine similarity. (B) In terms of distance.

Figure 6. Calinski-Harabasz index evaluation of the temporal correlation rough set-based three-way clustering

Numerous studies and clinical studies have confirmed
the relationship between CO,, Cr, HE and CKD. Next,
we present pioneering studies on the association among
B2-microglobulin (B2-MG), Fe, iron, and kidney disease
(Table 3).

The results of our study, as well as those from previous
studies, suggest that $2-MG may be a biomarker of kidney
disease progression. A data-driven clinical decision-making
research paradigm can provide clinical cues for diagnosing
diseases of unknown etiology using large clinical datasets

and offer a method and technology for marker screening
in laboratory research. Our model suggests associations
rather than confirming causal or diagnostic relevance.
Noting that prospective studies and clinical validation are
needed before any clinical application.

5.6. Parameter sensitivity analysis

To address concerns about parameter selection and ensure
robustness, we conducted a systematic sensitivity analysis
(Table 4). We varied the similarity threshold 8 from 0.05
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Figure 7. Indicator distribution after the temporal correlation rough set-based three-way clustering

Figure 8. The clustering effects of different factors evaluated by SC and CH based on the chronic kidney disease dataset. (A) SC evaluation of algorithms.
(B) CH evaluation of algorithms.

Abbreviations: DBSCAN: Density-Based Spatial Clustering of Applications with Noise; TCRS-TWC: Temporal correlation rough set-based three-way
clustering.

Table 3. Pioneering studies of the association between $2-MG, Fe, iron and kidney disease

Indicators Associations

« 32-MG as a tool for evaluating donor kidney status for transplantation.*

« B2-MG levels associate with the severity of acute kidney injury.*!

P2MG « B2-MG is associated with survival in patients with nephropathy.**
+ $2-MG associated with chronic hemodialysis.**
o Clinical diagnosis of CKD and iron treatment.*
« Iron homeostasis and Fe in kidney disease.*

Fe and Iron

« The relationship between the expression of Fe and tumor differentiation is discussed.*

« Temporal changes in binding of anti-laminin IgG and cationized Fe in developing kidney glomeruli.*”

Abbreviations: CKD: Chronic kidney disease; Fe: Ferritin; IgG: Immunoglobulin G; $2-MG: f2-microglobulin.
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Figure 9. Correlation between the top 30 indicators
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to 0.3 (in increments of 0.05) and the distance threshold
g from 2,500 to 4,000 (in increments of 500). For each
parameter combination, we computed SC, CH index, and
cluster stability (measured as the Jaccard similarity between
cluster assignments across different initializations).

Table 4. Sensitivity analysis of parameters 6 and p

0 u SC CH index Stability
0.05 2,500 0.68 1,250 0.85
0.05 3,000 0.71 1,320 0.88
0.05 3,500 0.69 1,280 0.86
0.10 2,500 0.72 1,350 0.89
0.10 3,000 0.75 1,420 0.92
0.10 3,500 0.73 1,380 0.90
0.15 3,000 0.70 1,300 0.87
0.15 3,500 0.68 1,260 0.85
0.20 3,000 0.65 1,200 0.82

Abbreviations: CH index: Calinski-Harabasz index; SC: Silhouette
coefficient.

The selected values (8 = 0.1, u = 3,300) correspond to the
maximum SC (0.75), indicating well-separated clusters.
High CH index (1,420) suggests dense, well-separated
clusters. Excellent stability (0.92) ensures reproducible
results. Clinical interpretability of the resulting clusters.

5.7. Clinical correlation analysis

To validate the clinical meaningfulness of our clustering
results beyond internal metrics, we conducted two
additional analyses:

(i) Comparison with KDIGO Staging

For the 2,145 patients with available estimated
glomerular filtration rates, we compared our cluster
assignments with KDIGO stages (G1-G5). We observed
moderate agreement (Cohen’s k = 0.42), with cluster 1 (red)
containing predominantly G1-G2 patients, cluster 2 (blue)
containing G3 patients, and cluster 3 (green) containing
G4-G5 patients.

(ii) Expert validation
Two board-certified nephrologists independently

reviewed the indicator clusters identified by our model.
Both experts agreed that:

Cluster 1 (red) represented “stable renal function”

indicators,

Cluster 2 (blue) represented “inflammatory/metabolic”
indicators,

Cluster 3 (green) represented “advanced renal dysfunction”
indicators.

The experts noted that the inclusion of p2-MG in cluster
3 was clinically plausible given its known association with
advanced CKD, though they emphasized this requires
prospective validation.

5.8. Discussion

From a methodological perspective, the models
performance, as measured by SC (0.75) and CH (1,420),
indicates well-separated and internally coherent clusters
(Figures 5 and 6). This suggests that the constructed TCRS
effectively captures meaningful patient subgroups based
on the evolving trajectories of laboratory indicators, rather
than static snapshots. Importantly, the model identified a
distinct cluster (green/NEG(C)) centered on Cr, consistent
with its established clinical role as a cornerstone marker
of renal function. The separation of this cluster from
others containing inflammatory/metabolic markers
(e.g., uric acid, parathyroid hormone, Fe) in the blue
region (POS(C)UBND(C)) suggests the model’s ability to
distinguish between pathways of renal dysfunction from
associated systemic complications. The most significant
output, however, is the model's hypothesis-generating
capability. By analyzing correlation patterns among the top
30 indicators (Figure 9), the model consistently associated
B2-MG with key markers of CKD progression (CO,, HE,
Fe, and Iron). While f2-MG is well known in nephrology,
its strong embedding in the derived correlation network
suggests it may have underutilized or composite prognostic
value when combined with other indicators. This data-
driven insight is supported by the retrospective literature
analysis (Table 3), which highlights B2-MG’s relevance
in kidney injury severity, transplantation evaluation, and
patient survival. Thus, the model not only rediscovers
known clinical relationships (validating its method)
but also nominates $2-MG as a high-priority candidate
biomarker warranting targeted prospective validation in
CKD staging and monitoring.

6. Conclusion

Medical decision-making is an important area of research
in decision theory. Data science has changed the traditional
decision-making paradigm in healthcare. Data-driven
methods are being applied clinically to improve diagnosis
accuracy and treatment for individual patients.**-*° Based
on the interdisciplinary theories, models, methods and
technologies of data science, management science, decision
science and intelligent computing, the construction
of clinical diagnosis and decision theory models and
methods driven by massive attribute data can bring new
opportunities and effective ideas for the construction of
scientific and accurate chronic disease clinical diagnosis
and decision-making technology.

This study summarizes a class of clinical diagnostic
decision problems with temporal correlation and attribute
information characteristics, drawn from the decision-
making process and clinical data for diagnosing CKD. By
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applying the RS and TWC theory, a TCRS-TWC model
was constructed and applied to clinical decision-making
problems in CKD. Firstly, a TCRS model based on the
similarity of gradient and cosine was constructed to realize
the pre-classification of temporal correlation information
without artificial labels. Secondly, the unsupervised
TWC model was used to construct the two-set and three-
region RS model of temporal collation, and a TWC model
based on a positive domain was designed. Finally, using
the unmarked dataset of 3,094 CKD patients, based on
the proposed theoretical model, unsupervised clustering
of CKD patients was realized, the characteristics of the
patient population in clinical diagnosis of CKD were
found, the trends in CKD diagnosis that could not be
detected initially were identified, and the key correlation
indicators of CKD diagnosis were identified, providing
supplementary support and suggestions for clinical
decision-making based on experimental results.

Our study has several limitations that warrant
consideration. The analysis relies on single-center,
retrospective data, which may limit generalizability, and
the model’s unsupervised nature limits causal inference.
Additionally, the absence of external validation and clinical
endpoint assessment underscores the need for further
investigation. Despite these constraints, the TCRS-TWC
model demonstrates potential as a data-driven tool for
biomarker discovery and pattern recognition in chronic
disease management.

Future research should focus on multi-center validation
to enhance generalizability, prospective studies to establish
predictive value, and integration of multimodal data,
such as imaging and genomic information. Extending
the model to other chronic diseases, developing real-time
clinical dashboards, and conducting interventional studies
to assess impact on patient outcomes represent important
directions for advancing this line of research. While not
yet suitable for direct clinical application, the TCRS-TWC
framework offers a meaningful contribution to the evolving
paradigm of data-informed clinical decision support.
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