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Background: Urine testing as a routine screening programme, abnormal test results can be suggestive to
clinicians but can sometimes be overlooked, and the establishment of a diagnostic model can better assist
clinicians in identifying potential problems. BLD (blood), LEU (leukocyte), PRO (protein) and GLU
(glucose) are the four most important parameters in urine testing, and the accuracy of their results is a key
concern for clinicians, so it is essential to verify the accuracy of their results. In this study, we evaluated
the analytical and clinical performance of Mindray’s automatic urine dry chemistry analyzer, the UA-5600
(Hereinafter referred to as the (UA-5600), and the test strips configured with the instrument, and developed
a machine-learning (ML) model for kidney disease screening from the results of 11 parameters output from
the UA-5600 with the aim of detecting abnormal urine test results.

Methods: Urine samples from outpatients and inpatients at The First Affiliated Hospital of Sun Yat-sen
University were collected from August to September 2022 to evaluate the performance of the Mindray UA-
5600 dry chemistry analyzer and test strips. The evaluation of the UA-5600 and its test strips focused on
the agreement of the urine BLD and LEU readings with the RBC (red blood cell) and WBC (white blood
cell) counts obtained by the Mindray EH-2090 urine formed element analyzer. We also compared the
PRO and GLU readings with the results of the Mindray BS-2800M biochemistry analyzer. Urine samples
from outpatients and inpatients were retrospectively analysed and grouped according to LIS diagnosis.
Additionally, eight ML models for kidney disease screening were developed using 11 parameters measured
by the UA-5600. And the model was validated by the validation set.

Results: The UA-5600 had an 89.55% concordance rate for BLD and a 91.04% concordance rate for
LEU compared to the EH-2090 analyzer. When benchmarked against the BS-2800M, the concordance
rates for PRO and GLU were 94.14% and 95.20%, respectively. A total of 1,691 samples were used for the
construction of the ML models, of which 346 patients (135 males and 211 females, age range: 18 to 98 years)
diagnosed with renal disease, and 1,345 patients (397 males and 948 females, age range: 18 to 92 years) with
non-renal disease diagnosed with other conditions. Notably, the Naive Bayes (NB) model, which was built
from the UA-5600 parameters, demonstrated superior predictive capabilities for renal disease, with an area
under the receiver operating characteristic curve of 0.9470, a sensitivity of 0.7767, and a specificity of 0.9457.
Conclusions: The Mindray UA-5600 demonstrates robust detection abilities for both BLD and LEU, and
its results for PRO and GLU align closely with those obtained from the chemistry analyzer. The NB model
has a good screening ability and shows promise as an effective screening tool.
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Introduction

Urinalysis is a commonly used laboratory test. Urine
contains a large number of human metabolites that provide
information about the body’s current physiological state and
disease manifestations (1) and can be used to identify kidney
disease, urinary tract infections (UTTs), and diabetes. It
can also be used as a part of health screenings (2,3). Urine
dry chemistry testing is an important part of urinalysis, is
convenient to perform, and provides results from a number
of urinary science and chemistry programs in a single test.
Over the past two decades, more and more automated urine
analyzers have been introduced (4), and the number of
items that can be tested by urine dry chemical analyzers has
also increased.

With the widespread use of urine flow cytometry to
detect red blood cells (RBCs), white blood cells (WBCs),
bacteria, and epithelial cells in human urine (5), urine dry
chemistry detection is irreplaceable. Xie et 4l. (6) found that
dry urine chemistry was even superior to the fully automated
urine analyzer in terms of the area under the curve (AUC),
sensitivity, and specificity for the detection of RBCs and

Highlight box

Key findings
* Mindray UA-5600 and test strips provide excellent analytical
performance and clinical performance.

What is known, and what is new?

® Urinalysis is a commonly used laboratory test. Urine contains a
large number of human metabolites that provide information about
the body’s current physiological state and disease manifestations.

* In this study, the analytical performance and clinical performance
of the Mindray UA-5600 and test strips were evaluated. In
addition, through the establishment of machine-learning (ML)
models, an optimal model was selected to improve the diagnosis of

renal disease.

What is the implication, and what should change now?

® The Naive-Bayes model with good screening ability after training
with eight ML models constructed from the 11 urine test results
detected by the Mindray UA-5600. This also provides new ideas
for urine dry chemistry test results that could assist in screening for
kidney disease.
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WBCs in the diagnosis of UTIs. In addition to UTTIs,
urine chemistry analysis is also widely used in the auxiliary
diagnosis of other diseases (1). When a large number of
samples need to be analyzed or when an immediate urine
analysis is required in emergency situations, semi-automatic
or fully automatic urine dry chemistry analyzers can be
used for standardized, high-throughput screening (7), and
the results produced by the test can help to differentiate
between samples without abnormalities and those outside
the normal reference range. Positive samples may require
further microscopic sediment analysis or microbiological
examination. Urine dry chemistry testing, as a wide range
of screening tools, can provide multiple test results in a
single proposal. Accurate dry chemistry testing can better
assist clinicians in diagnosis and decision-making, and can
also reduce certain retesting rates and reduce the workload
of examiners. The UA-5600 is a new urine dry chemistry
analyser, and there have been no previous articles evaluating
its performance aspects, so it is essential to verify the
accuracy of its results.

In recent years, machine-learning (ML) models and
artificial intelligence (AI), such as logistic regression
(LR), Naive Bayes (NB), K-nearest neighbor (KNN),
support vector machines (SVMs), random forest (RF),
multilayer perceptron (MLP), extreme gradient boosting
(XGBOOST), and artificial neural networks (ANNs),
have been increasingly applied in various branches of
medicine (8), and have all been used in auxiliary diagnosis
and prognosis prediction (9-11). Jang er al. constructed an
XGBoost derivation model that can help to detect chronic
renal disease (CKD) at an early stage and enables the
timely referral of patients to nephrologists by providing
two basic pieces of information about proteinuria and renal
dysfunction (12). Some patients may start with only urine
dry chemistry, which is an important screening tool and can
provide multiple results, but clinics tend to focus on certain
parameters, and constructing a ML model with 11 dry
chemistry results can provide better assistance in screening
for disease.

In summary, urine dry chemistry analysis has received
attention in auxiliary clinical detection, and accurate urine
dry chemistry detection is necessary in daily applications.
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This study sought to evaluate the analytical performance
and clinical performance of the Mindray UA-5600 and
the test strips. In addition, through the establishment of
ML models, an optimal model was selected to improve
the diagnosis of renal disease. We present this article in
accordance with the STARD reporting checklist (available
at https://tau.amegroups.com/article/view/10.21037/tau-
24-189/rc).

Methods
Sample source

In this study, an iz vitro diagnostic clinical assessment was
performed using the remaining sample of the assessment
tool report issued by The First Affiliated Hospital of Sun
Yat-sen University without infringing on the privacy and
interests of the patients. The data of 1,253 outpatient,
inpatient, and physical examination patients from The
First Affiliated Hospital of Sun Yat-sen University from
August to September 2022 were randomly collected for
methodological comparison. After unqualified samples, such
as urine from patients under 18 years old and turbid urine,
were excluded, 1,228 urine samples remained. The patients
were aged 18-96 years old, and 449 were male and 779
were female. The samples were kept at room temperature
of 18-25 °C, and the test was completed within 2 hours of
collection.

Instruments and reagents

The following instruments were used in this study: the UA-
5600 automatic dry chemistry urine analyzer and URS-
11MRQ wurine test strips (Shenzhen Mindray Bio-Medical
Electronics Co., Ltd., Shenzhen, China), Yihua Multi-Project
Urine Chemical Analysis Controls, Quality control for dry
chemical urine test strips and dry chemical urine analysers,
(Shanghai Yihua Medical Science and Technology Co.,
Ltd., Shanghai, China), the EH-2090 urine formed element
analyzer (Shenzhen Mindray Bio-Medical Electronics
Co., Ltd., Shenzhen, China), which served as the control
instrument for the urine formed element analysis, and the
Mindray BS-2800M (Shenzhen Mindray Bio-Medical
Electronics Co., Ltd., Shenzhen, China), which served as the
control instrument for the protein (PRO) and glucose (GLU)
biochemical analysis. All the instruments were calibrated and
monitored daily to ensure quality control. All the reagents
were used within expiration dates.

© Translational Andrology and Urology. All rights reserved.
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Basic performance verification

Precision

Every day, after the UA-5600 was turned and instrument
performance was stable, negative and positive quality
control tests were performed two times consecutively as the
first batch of tests; the interval between the tests was at least
4 hours, or after 10 different samples were tested. Negative
and positive quality control tests were performed two
consecutive times as the second batch of tests on the same
day, and the test lasted for at least 20 days. To calculate the
inter-day precision, the low value of the negative quality
control was assumed to be the target value. The complete
consistency rate was calculated as follows: Complete
consistency rate = the number of occurrences of target
value results/the total number of tests (n=80) x 100%. The
general consistency rate was calculated as follows: General
consistency rate = (target value = number of results within
1 magnitude)/total number of tests (n=80) Times New
Roman 100%. The calculation methods for the positive
quality control were the same as those for the negative
quality control.

Carry over

Residual urine without preservatives was used as the testing
material, and the highest concentration (+++/++++) of each
item (except the pH, Specific gravity, and Nitrite) was tested
once. Next, the negative samples or normal saline was
immediately tested once to obtain a dry chemical test result
(negative samples should not produce positive results).

Consistency with the comparative method

A total of 402 fresh urine samples were used to test the
consistency of the BLD (blood) parameter results (inclusion
range: RBC <200) obtained from the UA-5600 and the
EH-2090, and 471 fresh urine samples were used to test
the consistency of the LEU (leucocyte) parameter results
(inclusion range: WBC <500) obtained from the UA-5600
and the EH-2090. The tests were performed once, and
the consistency between the results for the corresponding
parameters between the two machines was calculated.

A total of 298 fresh urine samples were used to test
the consistency of the PRO (protein) parameter results
(inclusion range: PRO <300 mg/dL), and a total of
202 fresh urine samples were used to test the consistency
of the GLU (glucose) parameter results. The results for the
corresponding parameters were consistent between the two
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1,718 potentially eligible participants

Y

Collecting LIS diagnostic information on these
1,718 patients

> Patients with no LIS diagnosis

Y

1,718 patients met the inclusion criteria

Exclusion criteria:
»| * Age <18 years: 13
* Incomplete urine test results: 14

Y

1,691 patients were included in statistical analysis

! !

Renal disease Non-renal disease
N=346 N=1,345

Figure 1 Flow diagram showing the patient screening and
enrollment. All the included patients had to meet the inclusion and

exclusion criteria. LIS, laboratory information system.

methods.

"Table S1 sets out the conversion relationship between the
quantitative results and semi-quantitative results for each
parameter.

Construction of various AI-based ML models

In this study, a total of 1,718 urine samples were collected
and tested on the UA-5600 system, yielding 11 parameter
test results. Patients were excluded from the study for the
following reasons: they were aged <18 years (13 patients),
and/or they had incomplete urine test results (14 patients).
Of the above samples, 1,691 patients were included. Based
on the hospital’s LIS system (Laboratory Information
System) and the LIS diagnosis grouping, this cross-
sectional survey retrospectively examined the charts of
346 patients (135 males and 211 females, age range: 18 to
98 years) diagnosed with renal disease, and 1,345 patients
(397 males and 948 females, age range: 18 to 92 years)
with non-renal disease diagnosed with other conditions
(Figure 1). Hospital data spanning the period from August
2022 to October 2022 were obtained. Ethical approval
for this study was obtained from the Medical Ethics
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Committee of The First Affiliated Hospital of Sun Yat-sen
University (approval No. [2021]660). Individual consent
for this retrospective analysis was waived. The study was
conducted in accordance with the Declaration of Helsinki
(as revised in 2013).

Data preprocessing

Python 3.10 (Python Software Foundation, Wilmington,
DE, USA) were used to read the patient grouping and the
UA-5600 detection results. The test results for the urine
samples were pre-processed, which included data cleaning.
Data cleaning involved reviewing and validating the data to
delete redundant information, correct errors, and provide
data consistency. Next, the complete data were randomly
divided into a training set (70%) and a test set (30%) at a
ratio of 7:3.

Construction of eight learning models
The following eight learning models were constructed:

(I)  ANN (artificial neural network): an ANN simulates
neuronal activity using a mathematical model based
on an information processing system that imitates
the structure and function of the brain’s neural
network.

(II) LR (logistic regression): which is a special class
of classification algorithm with “regression” in
its name, is used to solve classification problems.
Solutions are based on the concept of regression.
The core idea of the algorithm is to find a line
(surface) in space and classify the points based on
the relative positions of the point to be located and
the boundary line (interface). The sigmoid function
is generally used as a step function to deal with the
binary problem.

(IIT) GBDT (gradient boosting decision tree): a
GBDT is an iterative decision-tree algorithm
that constructs a set of weak learners (trees) and
sums the results of multiple decision trees as the
final predicted output. This algorithm effectively
combines the decision tree concept and the
ensemble approach.

(IV) MLP (multiple layer perceptron): a MLP is a neural
network that consists of a series of interconnected
layers, with one end connected to the eigenvalue of
the observed target and the other end connected to
the corresponding target values, with a hidden layer
in the middle. A MLP is essentially an expansion
and deepening of a linear model.
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(V) RF (random forest): a RF is composed of multiple
decision trees, and the voting mechanism of
multiple decision trees is used to improve the
decision tree. A RF is a bagging algorithm with a
decision tree as the estimator.

(VI) SVM (support vector regression): a SVM classifies
data by looking for a hyperplane that can maximize
the classification gap in a training data set. When
training samples are linearly inseparable, the kernel
technique and the soft margin are maximized to
map the training samples from the original space to
a higher dimensional space so that the samples are
linearly separable in this space.

(VII) KNN (K-nearest neighbour): A KNN is a basic
classification method that performs classification by
measuring the distance between different features.
If a majority of the k (proper noun) most similar
samples in a feature space belong to a certain
category, then the sample also belongs to this
category.

(VIII)NB: NB is a classification algorithm based on the
Bayes theorem. For a given item to be classified,
the probability of an item occurring within each
category under a certain condition is determined,
and items with the largest probabilities are
considered to occur in the same category.

In this study, using the 11-item output by the UA-5600,
the following eight ML analysis models were constructed:
LR, NB, KNN, SVM, RF, MLP, XGBoost, and ANN.
The ML models were tested for their ability to screen
renal disease samples from non-renal disease samples. The
performance of different ML models was tested with the
default thresholds and determined using the maximum
AUC. The threshold and performance of different ML
models when the precision and recall rate were balanced
at the maximum (i.e., when the precision-recall curve was
at the maximum) were examined to select the ML model
with the best classification performance from different
perspectives. The results were then output through the
SHAP (Shapley Additive exPlanations) model.

Statistical analysis

Passing-Bablok regression analysis was performed on the
comparison with the gold standard. The Passing-Bablok
regression analysis used Analyse-it v 6.15 for statistical
analysis. The box-plot analysis used GraphPad Prism
9.0.0(121) for statistical analysis.

© Translational Andrology and Urology. All rights reserved.
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Results
Precision

The general consistency and complete consistency of the
test results for all the parameters of the negative control
substance were 100%; the general consistency of the
positive control substances, except for VC (Vitamin C) and
KET (Ketone bodies), was greater than 90% (Tables S2,S3).

Carry over

The carry-over contamination rate results are set out in
Table S4. The negative controls were tested immediately
after the detection of the high value sample, and the
negative controls all had no positive results, indicating that
no carry-over contamination occurred.

Comparison with the control method

The box-plot results are shown in Figure 2. The semi-
quantitative test results for BLD and LEU obtained using
the UA-5600 and the quantitative test results for urine
sediment obtained using the EH-2090 were well correlated
(Figure 24,2B). As the RBC and WBC content increased,
the reflectance of the test strip decreased significantly
(Figure 2E,2F).

Similarly, the semi-quantitative test results for PRO and
GLU obtained using the UA-5600 and the quantitative test
results obtained using the BS-2800 M biochemical analyzer
were well correlated (Figure 2C,2D). As the PRO and GLU
content increased, the reflectance of the test strip decreased
significantly (Figure 2G,2H).

Diagnostic performance

Tables 1,2 shows the distribution of false-negative and false-
positive samples within the test results for each parameter
assessed using the UA-5600 and using the reference
method. Using the EH-2090 results as the reference
standard, there were 23 false-negative samples and 48 false-
positive samples for BLD, and 25 false-negative samples
and 28 false-positive samples for LEU (1able I). Using the
BS-2800 M test results as the reference standard, there were
14 false-negative samples and 3 false-positive samples for
PRO, and 6 false-negative samples and 1 false-positive
sample for GLU (Table 2).

Using the EH-2090 results for RBCs and WBCs as the
standard, the consistency rate for positive BLD detection
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Figure 2 Box plots and correlation results between BLD, LEU, PRO and GLU assay gold standards and dry chemistry test strip results.
(A) Box-plot results for the BLD parameters. (B) Box-plot results for the LEU parameters. (C) Box-plot results for the PRO parameters.

© Translational Andrology and Urology. All rights reserved.

Transl Androl Urol 2024;13(6):1024-1036 | https://dx.doi.org/10.21037/tau-24-189



1030

Liu et al. Performance of UA-5600 in renal diseases

(D) Box-plot results for the GLU parameters. (E) Comparison of the quantitative urine sediment RBC results obtained using the EH-2090

and the semi-quantitative results obtained using the UA-5600. (F) Comparison of the quantitative urine sediment results obtained using
the EH-2090 and the semi-quantitative WBC results obtained using the UA-5600. (G) Comparison of PRO results obtained with the BS-
2800 with semi-quantitative results obtained with the UA-5600. (FI) Comparison of GLU results obtained with the BS-2800 with semi-
quantitative results obtained with the UA-5600. RBC, red blood cell; WBC, white blood cell; PRO, protein; GLU, glucose; BLD, blood;

LEU, leukocyte; PB, Passing-Bablok regression analysis.

Table 1 Distribution of false-negative and false-positive samples for
BLD and LEU parameter

EH-2090 results as the standard

Contingency table Total
Positive Negative

UA-5600 BLD
Positive 197 48 245
Negative 23 134 157
Total 220 182 402

UA-5600 LEU
Positive 254 28 282
Negative 25 164 189
Total 279 192 471

BLD, blood; LEU, leukocyte.

Table 2 Distribution of false-negative and false-positive samples for
PRO and GLU parameter

BS-2800 results as the standard

Contingency table Total
Positive Negative

UA-5600 PRO
Positive 225 3 228
Negative 14 56 70
Total 239 59 298

UA-5600 GLU
Positive 119 1 120
Negative 6 76 82
Total 125 77 202

PRO, protein; GLU, glucose.

obtained using the UA-5600 was 89.55%, and that for
positive LEU detection was 91.04%. Using the BS-2800
results for PRO and GLU as the standard, the consistency
rates of positive PRO and GLU detection by the UA-5600
were 94.14% and 95.20%, respectively (Tuble 3).

© Translational Andrology and Urology. All rights reserved.

Table 3 Diagnostic performance

Parameter
Contingency table
BLD LEU PRO GLU
Positive consistency rate (%) 89.55 91.04 94.14 95.20
Negative consistency rate (%) 73.63 85.42 94.92 98.70

BLD, blood; LEU, leukocyte; PRO, protein; GLU, glucose.

Table 4 AUC results for each model

Parameters AUC Sensitivity Specificity
ANN 0.929 0.5922 0.9407
LR 0.959 0.7087 0.9753
NB 0.947 0.7767 0.9457
KNN 0.89 0.6408 0.9951
SVM 0.966 0.7379 0.9802
RF 0.958 0.6893 0.9852
MLP 0.959 0.7087 0.9778
GBDT 0.949 0.7184 0.9704

AUC, area under curve; ANN, artificial neural network; LR,
logistic regression; NB, Naive Bayes; KNN, K-nearest neighbour;
SVM, support vector regression; RF, random forest; MLP,
multiple layer perceptron; GBDT, gradient boosting decision
tree.

ML model differentiation

The 11 parameters detected by the UA-5600 were used to
construct 8 different ML models, and a validation set was
then used to validate the ability of each model to differentiate
between the presence and absence of renal diseases. The
sensitivity and specificity results for each model are set out
in Table 4. Receiver operating characteristic curves were
drawn, and AUC values were calculated (Figure 3). Except
for that for the KNN model, the AUCs of the other seven
models were all greater than 0.9. Based on the sensitivity
and specificity results, the NB model performed the best.
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Figure 3 ROC curve for each model. ANN, artificial neural network; ROC, receiver operating characteristic; AUC, area under curve;
LR, logistic regression; GBDT, gradient boosting decision tree; MLP, multiple layer perceptron; RF, random forest; SVM, support vector
regression; KNN, K-nearest neighbour; NB, Naive Bayes.
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A Confusion matrix
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Figure 4 NB model confusion matrix and SHAP model. PRO, protein; BLD, blood; LEU, leukocyte; BIL, bilirubin; KET, ketone bodies;

URO, urobilinogen; SG, specific gravity; VC, vitamin C; NIT, nitrite;

Bayes.

SHAP model analysis

The performance of the different ML models was
compared, and the NB model performed the best in all
aspects. Therefore, a confusion matrix was developed to
further analyze the screening efficacy of the NB model
using a validation set of 508 cases; among the results,
there were 23 false-negative samples and 22 false-positive
samples (Figure 44). Next, a SHAP analysis was used to
rank all the samples based on predicted feature importance.
Each dot represented a sample, with red representing
a high value of the feature and blue representing a low
value of the feature; a positive SHAP value indicated an
increased risk of renal disease (Figure 4B). As Figure 4
shows, PRO was the most important feature of the NB
model constructed in this study.

Discussion

Urinalysis includes physical, chemical, and sediment
examinations. Generally, a series of urine dry chemistry
analyzers and urine sediment analyzers form a urine
analyzer assembly line. The urine formed element is
generally considered the core of urinalysis; however,
the formed element must be inspected manually by
microscopy. Therefore, the detection speed is slow, the
procedure is cumbersome, and different inspectors may
report different results. Urine dry chemistry analysis
can quickly provide semi-quantitative results for various
urine components. However, as the test results are easily
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affected by various factors, dry chemistry test results are
mostly used for screening. When positive for BLD and
LEU, manual re-examination is required to rule out false-
negative and false-positive results. In clinical practice,
urine dry chemistry analyzers and urine sediment analyzers
are used in combination for urinalysis to better meet the
needs of clinical urological diagnosis and urological disease
treatment. Therefore, urine dry chemistry analyzer results
must be accurate. In this study, the clinical performance of
Mindray’s new-generation automatic dry chemistry urine
analyzer (the UA-5600) was evaluated to confirm whether
the product can meet clinical application needs.

RBC, WBC, PRO, and GLU in urine are closely related
to various diseases and have received clinical attention.
Therefore, in this study, the four parameters BLD, LEU,
PRO, and GLU were evaluated using the UA-5600. Urine
RBCs are important for the diagnosis of immunoglobulin A
(IgA) nephropathy, diabetes, systemic lupus erythematosus,
and other diseases, and the monitoring of drug efficacy
(13-16). The BLD test, which is part of the dry urine
chemistry test, is an indicator used to screen for RBCs in
the urine and can be performed regardless of the RBC
morphology in the urine (i.e., regardless of whether it is
intact or fragmented). In this study, the RBC detection
ability of the UA-5600 within the semi-quantitative range
of the test strip (RBC <200) was validated. The semi-
quantitative test results obtained using the UA-5600 and
the quantitative results obtained using the EH-2090 were
well correlated (Figure 24). As the RBC count increased,
the reflectance of the test strip decreased significantly, and a
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downward trend was observed (Figure 2L).

Next, the consistency rate of the BLD parameter values
obtained using the UA-5600 was validated against the
RBC results obtained using the EH-2090 as the standard.
Previous articles have verified that the RBC and WBC
results of the EH-2090 correlate well with those of manual
microscopy, so the EH-2090 was used in this study as the
standard (17). The positive consistency rate between the
two was 89.55%, and the negative consistency rate was
73.63% (Table 3). Using the EH-2090 detection result as the
standard, there were 23 false-negative samples and 48 false-
positive samples among the results obtained using the UA-
5600. After the quantitative RBC results obtained using the
EH-2090 were converted to semi-quantitative results (for a
description of the methodology, see “Consistency with the
comparative method”), the results of both false-negative
and false-positive samples did not exceed the upper and
lower gradients compared to the semi-quantitative results
of the EH-2090 conversion and were within the clinically
acceptable range.

The false-positives may have been caused by the fact
that at present, the dry chemical detection of BLD mainly
involves the detection of hemoglobin in RBCs, and dry
chemical test strips generally have higher sensitivity for
the detection of hemoglobin. For example, for samples of
ruptured RBCs, the sediment test may be negative, but the
BLD test may be positive; this may also be one of the causes
of false-positive results. For false-negative samples, based
on the EH-2090 test results, the RBC range in the samples
was between 0 and 10, which is in the gray area. Because the
threshold for RBC positivity is artificially defined, different
thresholds can be set for different usage scenarios. The
threshold can be determined based on the actual application
to better assist clinical diagnosis.

WBCs in urine can be used as indicators of UTIs
(18,19). There are no or very few leukocytes in the urine
of normal people; when elevated in urine, leukocytes are
mostly neutrophils. In urine dry chemistry, the presence
of neutrophils is measured via the detection of granulocyte
esterase, regardless of whether the neutrophils were
crushed and lysed at the time of the test. In this study, the
correlation between the results obtained using the UA-
5600 semi-quantitative test [semi-quantitative range of the
test strip (WBC <500)] and the EH-2090 quantitative test
was good (Figure 2B), and as the WBC content in the urine
sample increased, the reflectance of the test strip decreased
significantly (Figure 2F).

Next, the consistency rate of the LEU parameter results
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obtained using the UA-5600 was validated using the WBC
results obtained using the EH-2090 as the standard. The
positive consistency rate between the two was 91.04%,
and the negative consistency rate was 85.42% (1able 3).
Using the EH-2090 test result as the standard, there were
25 false-negative samples and 28 false-positive samples
among the results obtained using the UA-5600. After
the quantitative WBC results obtained using the EH-
2090 were converted to semi-quantitative results (for a
description of the methodology, see “Consistency with the
comparative method”), the results of both false-negative
and false-positive samples did not exceed the upper and
lower gradients compared to the semi-quantitative results
of the EH-2090 conversion and were within the clinically
acceptable range. Among the false-negative samples,
the maximum WBC value obtained using the EH-2090
was 25.8. The results were all weakly positive after the
conversion of the quantitative results to semi-quantitative
results (Table S1) and did not cause clinical risk. The
WBC detection range for the 28 false-positive samples
was between 2.4 and 9.2, and the LEU test results were all
weakly positive, and did not significantly interfere with the
diagnoses. There was lymphocyte-positive urine among
the true positive samples, and the semi-quantitative results
obtained using the EH-2090 and UA-5600 differed by one
gradient range. This difference was due to the dry chemistry
detection method. Clinical attention should also be paid to
this type of sample to avoid false-negative results.

In urine chemistry tests, PRO can be used as a very
important screening indicator for renal diseases. Urine casts
are closely related to PRO. Recent research has shown that
proteinuria can also reflect the severity of renal function
impairment caused by Coronavirus Disease 2019 (20). In
adults, proteinuria is considered the excretion of more than
150 mg of urinary PRO per day and is suggestive of renal
disease. Therefore, accurate PRO results are necessary
for the screening and diagnosis of clinical diseases. The
PRO parameter results obtained using the UA-5600 were
compared with the results obtained using the BS-2800
biochemical detector. The consistency rates of negative and
positive results between the two were both greater than
90%, indicating their superior detection performance. The
consistency rates of the negative and positive urine GLU
results obtained using the BS-2800M were both greater
than 95%. These results indicate that the Mindray UA-5600
can be used as a reliable urine screening system to identify
various abnormal samples in a timely and accurate manner
and to reduce the workload of clinical laboratory physicians.
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In recent years, the value of ML technology in differential
diagnosis has increased (21), and ML is being widely used in
early diagnosis, differential diagnosis, prognosis prediction,
and survival analysis (22). The area under the curve (AUC),
as an effective measure of accuracy has been considered with
a meaningful interpretation, the AUC of 0.5 has the lowest
fidelity and no application value, and the closer the AUC
is to 1.0 the more authentic the detection method is. A
perfect assay when sensitivity and specificity are 100% and
AUC =1.0 (23,24). In this study, eight ML algorithms were
used to establish diagnostic models of renal disease. Other
than that for the KNN model, the AUCs for the other
models were all greater than 0.9, and the NB model had
the highest sensitivity. Therefore, the NB model had the
best results (Table 4). To validate the screening efficacy of
the NB model, the NB model was tested using a validation
set of 508 cases and a confusion matrix. Among the results,
there were 23 false-negative samples and 22 false-positive
samples (Figure 44). An analysis of the 23 false-negative
samples showed that there were 15 cases of CKD, 4 cases
of IgA nephropathy, and 2 cases each of latent nephritis and
purpura nephritis. At different stages of CKD, the clinical
manifestations differ. Before stage 3 CKD, patients may
have no symptoms or only mild discomfort, such as fatigue,
backache, and nocturia; a small number of patients may
have loss of appetite, metabolic acidosis, and mild anemia;
after stage 3 CKD, the above symptoms are more common.
Obviously, symptoms worsen further after patients enter
renal failure. These patients may not have abnormal urine
test results. The 4 IgA nephropathy patients were all
receiving treatment, and the patients with latent nephritis
and purpura nephritis were under medication review.

The model constructed in this study was based on the
results of 11 urine dry chemistry tests conducted using the
UA-5600; there were only urine test results, and there were
false-negative results. Next, a SHAP model (Figure 4B) was
used to evaluate the importance of features, which were
ranked based on the predicted feature importance in all
the samples. Each point represented a sample, and the top
three variables that contributed to the model were PRO,
BLD, and LEU. Red represented a high feature value, and
blue represented a low feature value. A positive SHAP value
indicated an increased risk of renal disease. A higher PRO
value represented higher PRO reflectance (lower PRO). As
Figure 4B shows, red was negatively correlated with renal
disease development, while lower PRO reflectance (higher
PRO) was positively correlated with renal disease.

Our study had a number of limitations. First, the samples
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used in this study were from retrospective (not prospective)
trials, resulting in inevitable selection bias. Second, the
positive sample size was relatively small; therefore, studies
with more samples need to be conducted to reduce the
problems caused by data imbalances and further improve the
diagnostic ability of the model. Third, only the detection
parameters of the UA-5600 were used, while the results of
other biochemical or blood tests were not used. Therefore,
the inclusion of other detection results into the ML models
may yield better performance. These suggestions provide
opportunities for future research.

Conclusions

The Mindray UA-5600 demonstrates robust detection
abilities for both BLD and LEU, and its results for PRO
and GLU align closely with those obtained from the
chemistry analyzer. The NB model had a good screening
ability for the 11 tests it detected after being trained with
eight ML models. By combining urine test results with
machine learning, this also provides new ideas for urine dry
chemistry test results to assist in the screening of kidney
disease.
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