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ABSTRACT: Diabetes, a chronic disease characterized by insufficient insulin production, affects approximately 422 million 
people globally. While researchers have achieved notable advancements in identifying new blood and tissue-based biomarkers related 
to diabetes, a more detailed and comprehensive investigation is needed. In this study, we conducted a systematic bioinformatics 
analysis using the Diabetes Complications Early Warning database to examine these associations. First, we identified the 
association of glucose-related markers with major markers related to blood lipid metabolism, renal function, and liver function. 
Second, we applied bioinformatics analysis to screen for major markers and diseases capable of categorizing subpopulations within 
the diabetic population and identified twelve blood markers and four disease markers. We discover that complete blood count 
(CBC) and blood chemistry (BC) biomarkers of different diabetic patients exhibit subtle changes in their performances. This 
may be attributed to their differential diabetic complications. Our study enhances the understanding of diabetes mechanisms and 
provides new avenues for developing precision medicine and therapeutic strategies.  

KEYWORDS: Computational Biology and Bioinformatics; Other; Diabetes; Diabetic Subpopulations; Glucose-Related 
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�   Introduction
Diabetes is a metabolic disease characterized by the body's 

inability to produce sufficient insulin to regulate blood sug-
ar levels. It may be caused by inadequate insulin production 
or inefficient insulin utilization.1 Diabetes has become more 
prevalent in recent decades. In 2017, there were approximately 
451 million adults with diabetes from around the world. By 
2024, this figure is anticipated to increase to 693 million, com-
prising half the total population.2 Diabetes can be categorized 
into type 1 and type 2. Type 1 diabetes, typically developed 
in childhood or adolescence, is caused by an autoimmune 
reaction. The autoimmune responses result in the pancreas 
producing negligible amounts of insulin or ceasing to produce 
it.3 Conversely, type 2 diabetes tends to develop at an older age. 
However, there is a concerning trend of an increasing number 
of type 2 diabetic patients among teenagers and young adults.4

Regulating blood glucose levels is the primary approach in 
current diabetes treatments, such as insulin therapy5 and life-
style modifications.6 By understanding how biomarkers affect 
glucose dynamics and the development of diabetes-related 
diseases, an integrated study of complete blood count (CBC) 
and blood chemistry (BC) markers can offer new perspectives 
on developing systemic treatment strategies. More specifi-
cally, investigating the connections between biomarkers and 
glucose levels, glucose dynamics, and patient age can enable 
us to learn about the effect of various biomarkers on different 
organs. Since diabetic patients are not just a homogenous pop-
ulation but potentially a composition of several subpopulations 
with distinct phenotypes, the categorization of subpopulations 
using blood markers and secondary diseases can help us iden-

tify specific subpopulations, improve models for predicting 
diabetes secondary diseases and potentially contribute to the 
development of more personalized treatment plans.

To systematically explore the relationships between blood 
markers and glucose dynamics, we conducted a bioinformatics 
analysis using the "Diabetes Complications Data Set" dataset. 
We used linear regressions and Students' t-tests to examine the 
link between glucose-related markers, blood lipid markers, kid-
ney function markers, and liver function markers. Additionally, 
we conducted analyses to categorize subpopulations of diabetes 
from the perspectives of both biomarkers and secondary dis-
eases using Uniform Manifold Approximation and Projection 
(UMAP) to enhance the understanding of the compositions of 
the diabetic patient population.

�   Methods
Database:
We used the "Diabetes Complications Data Set" from the Pop-

ulation Health Data Archive (PHDA) official website (https://
www.ncmi.cn/phda/dataDetails.do?id=CSTR:A0006.11.
A0005.201905.000282-V1.0). This comprehensive repository 
consists of a wide range of biomarkers from diabetic patients.

Processing Tools:
Python libraries, such as Pandas, NumPy, Matplotlib, Sk-

learn, Seaborn, Scipy, and Statsmodels, were used to analyze 
the data and provide statistical results. While processing data 
for each variable, patients with missing data points were re-
moved to ensure accuracy.
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Statistical Analysis:
Data from a total of 200 diabetic patients were extracted; 

for variables with missing patient data, we removed them to 
ensure accuracy. Linear regressions and Students' t-tests were 
used to determine the r-value and p-value. R square ≥ 0.09; 
P < 0.05*; P < 0.01**; P < 0.001*** were considered statistically 
significant. The differences in the bar plots among multiple 
groups were examined using ANOVA with post-hoc analysis.

Data Visualization:
Scatter plots and bar charts were drawn to visualize the data. 

In scatter plots, individual data points were formed when vari-
ables were plotted on the x-axis and y-axis, making it easier 
to recognize trends, clusters, and outliers in the data. For bar 
charts with overlapping data, disparities between categories 
were highlighted. Under different circumstances, data were di-
vided into various groups. The height of each bar represented 
the mean value of each data group. UMAP was utilized for 
visualizing multidimensional data.7 Clusters of data in dif-
ferent colors can be easily spotted on the diagram, showing 
their similarities. This method was employed to discern the 
relationships and patterns of various indicators in diabetic pa-
tients.

�   Results
Signif icant markers that are sensitive to glucose levels and 

their association with glucose-related markers in diabetic pa-
tients:

We are interested in whether some major CBC and BC 
markers can reflect the abnormal glucose levels in diabetic pa-
tients. Before starting the investigation, we used three major 
glucose-related markers to reflect glucose levels from different 
perspectives. The glucose level (GLU) is measured to reflect 
the glucose concentration (mmol/L) in patients' blood after 
an overnight fast. The range of GLU in normal people rang-
es from 3.5 to 5.5 mmol/L.8 We also included postprandial 
2-hour glucose levels (GLU_2H). Generally, GLU_2H low-
er than 7.78 mmol/L is considered within the normal limit. 
GLU_2H between 7.78 mmol/L and 11.1 mmol/L is abnor-
mal. GLU_2H greater than 11.1 mmol/L can be one of the 
leading indicators of diabetes symptoms.9 We also developed 
a new marker glucose ratio (GLU_RATIO), calculated as 
GLU_2H divided by GLU to reflect the dynamics of patients’ 
glucose levels after dietary intake. A high GLU_RATIO indi-
cates a higher increase in patients' glucose levels and vice versa.

We want to verify the data’s quality by associating glucose 
levels and related markers with blood markers known to be 
affected by glucose and diabetes. First, we investigated the 
association between major glucose markers and glycated he-
moglobin (HbA1c). HbA1c is a long-term blood test marker 
that measures the average glucose level in a person's blood-
stream over the past two to three months.10 It assesses the 
percentage of hemoglobin molecules bound to glucose, provid-
ing a more comprehensive view of long-term glucose control 
than regular blood glucose tests.10 A notable positive correla-
tion in the scatter plot and significant differences in the bar 
plot were detected when analyzing the relationship between 
HbA1c and GLU (Figure 1A, E). Additionally, we identi-

fied a significant positive correlation in the scatter plot and 
no significant difference in the bar plot when analyzing the 
relationship between HbA1c and GLU_2H (Figure 1B, F). 
A negative trend in the scatter plot and significant differences 
in the bar plot were found when analyzing the relationship 
between HbA1c and GLU_RATIO (Figure 1C, G). These re-
sults indicate that HbA1c is highly dependent on glucose and 
glucose dynamics. Furthermore, no significance was detected 
between HbA1c and the patient’s age (Figure 1D, H).

Next, we analyzed the relationship between major glucose 
markers and glycated serum protein (GSP). GSP quantifies 
the amount of glucose attached to total serum proteins. It is 
a short-term biomarker of average blood glucose that lasts 
two to four weeks.11 We found a positive trend in the scatter 
plot and significant differences in the bar plot when analyz-
ing the relationship between GSP and GLU (Figure 1I, M). 
Additionally, the data suggest a positive trend in the scatter 
plot and no significant difference in the bar plot when ana-
lyzing the relationship between GSP and GLU_2H (Figure 
1J, N). We also detected a negative trend in the scatter plot 
and no significant difference in the bar plot when analyzing 
the relationship between GSP and GLU_RATIO (Figure 1K, 
O). These results indicate that GSP depends on glucose, not 
glucose dynamics. Furthermore, no significance was detected 
between GSP and patients' age (Figure 1L, P).
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Figure 1: Major glucose-related markers and their association with GLU 
and GLU_2H levels in diabetic patients. (A-D) The plots show the linear 
correlation between GLU (A), GLU_2H (B), GLU_RATIO (C), AGE (D), 
and HbA1c. (E-H) Diabetic patients were categorized based on their GLU 
(E), GLU_2H (F), GLU_RATIO (G), or AGE (H). The bar charts represent 
the average HbA1c level of each group. (I-L) The plots show the linear 
correlation between GLU (I), GLU_2H ( J), GLU_RATIO (K), AGE (L), 
and GSP. (M-P) Diabetic patients were categorized based on their GLU (M), 
GLU_2H (N), GLU_RATIO (O), or AGE (P). The bar charts represent the 
average GSP level of each group. Error bars are standard deviation. Related 
statistical analysis is indicated in the methods and materials.
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Blood lipid markers and their association with glucose-related 
markers in diabetic patients:

Next, we are interested in the connection between major 
glucose and blood lipid markers, including triglyceride (TG) 
and high-density lipoprotein cholesterol (HDL_C). TG is a 
major constituent of body fat, derived from glycerol and three 
fatty acids.12 Abnormal changes in TG can lead to arterioscle-
rosis, increasing the risk of stroke and heart disease.13 Here, 
we detected a positive trend in the scatter plot and significant 
differences in the bar plot when analyzing the relationship 
between TG and GLU (Figure 2A, E). We also found a neg-
ative trend in the scatter plot and no significant difference in 
the bar plot when analyzing the relationship between TG and 
GLU_2H (Figure 2B, F). A significant negative correlation 
was detected in the scatter plot, and no significant difference 
was observed in the bar plot when analyzing the relation-
ship between TG and GLU_RATIO (Figure 2C, G). These 
findings suggest that diabetic patients with higher GLU and 
GLU_RATIO tend to have higher TG. Moreover, we de-
tected a negative trend in the scatter plot and no significant 
difference in the bar plot when analyzing the relationship be-
tween TG and age (Figure 2D, H).

We are then curious about the links between major glucose 
markers and high-density lipoprotein cholesterol (HDL_C). 
HDL_C is one of the five primary categories of lipoproteins. 
It is commonly linked to a decrease in the risk of cardiovascular 
diseases, such as atherosclerosis and myocardial infarction.14,15 
We detected a negative trend in the scatter plot and no signif-
icant difference in the bar plot when analyzing the correlation 
between HDL_C and GLU (Figure 2I, M). In addition, we 
show a positive trend in the scatter plot and no significant 
difference in the bar plot when examining the connection 
between HDL_C and GLU_2H, indicating HDL_C is in-
dependent of GLU_2H (Figure 2J, N). A significant positive 
correlation in the scatter plot and significant differences in 
the bar plot were also noted when analyzing the association 
between HDL_C and GLU_RATIO (Figure 2K, O). These 
results show that HDL_C is not influenced by GLU and 
GLU_2H while dependent on GLU_RATIO. Furthermore, 
no significance is seen between HDL_C and the age of the 
patients (Figure 2L, P).

Renal function-related markers and their association with 
glucose-related markers in diabetic patients:

In addition, we looked at the connection between major glu-
cose markers and renal function-related markers, such as blood 
urea (BU), serum creatinine (SCR), and serum uric acid (SUA). 
First, we investigated BU, which measures the total urea con-
centration in the blood. An abnormal BU can be seen as a 
sign of uremia, which can cause a reduction in the glomerular 
filtration rate.16,17 Here, we identified a negative trend in the 
scatter plot and no significant differences in the bar plot when 
analyzing the relationship between BU and GLU (Figure 3A, 
E). We also detected a negative trend in the scatter plot and 
no significant difference in the bar plot when analyzing the 
relationship between BU and GLU_2H (Figure 3B, F). 

Meanwhile, a significant negative correlation was identified 
in the scatter plot. However, no significant difference was not-
ed in the bar plot while examining the link between BU and 
GLU_RATIO (Figure 3C, G). These data suggest that dia-
betic patients with elevated levels of GLU and GLU_RATIO 
appear to have higher BU. Moreover, no significance was de-
tected between BU and patients' age (Figure 3D, H).

Next, we wanted to examine the relationship between major 
glucose markers and SCR. SCR is a byproduct that originates 
from the digestion of protein and the routine breakdown of 
muscle tissue.18,19 An abnormal amount of SCR indicates im-
paired kidney function and chronic kidney disease.20 A negative 
trend in the scatter plot and significant differences in the bar 
plot when analyzing the relationship between SCR and GLU 
were suggested (Figure 3I, M). We also detected a significant 
negative correlation in the scatter plot and significant differ-
ences in the bar plot when analyzing the relationship between 

Figure 2: Blood lipid markers and their association with GLU and GLU_2H 
levels in diabetic patients. (A-D) The plots show the linear correlation 
between GLU (A), GLU_2H (B), GLU_RATIO (C), AGE (D), and TG. 
(E-H) Diabetic patients were categorized based on their GLU (E), GLU_2H 
(F), GLU_RATIO (G), or AGE (H). The bar charts represent the average 
TG level of each group. (I-L) The plots show the linear correlation between 
GLU (I), GLU_2H ( J), GLU_RATIO (K), AGE (L), and HDL_C. (M-
P) Diabetic patients were categorized based on their GLU (M), GLU_2H 
(N), GLU_RATIO (O), or AGE (P). The bar charts represent the average 
HDL_C level of each group. Error bars are standard deviation. Related 
statistical analysis is indicated in the methods and materials. 
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Liver function-related markers and their association with 
glucose-related markers in diabetic patients:

Furthermore, we explore the connection between major 
glucose markers and liver function-related markers, such as 
aspartate aminotransferase (AST). AST is released into the 
blood when cells containing AST are damaged, commonly in 
the liver.23 An abnormal amount of AST can indicate active liv-
er disease.24 Here, we identified a negative trend in the scatter 
plot and no significant difference in the bar plot when analyz-
ing the relationship between AST and GLU (Figure 4A, E). A 
significant trend in the scatter plot and significant differences 
in the bar plot were found when analyzing the relationship be-
tween AST and GLU_2H (Figure 4B, F). We then detected 
a positive trend in the scatter plot and significant differences 
in the bar plot when analyzing the relationship between AST 
and GLU_RATIO (Figure 4C, G). The data suggest a positive 
trend in the scatter plot and significant differences in the bar 
plot when analyzing the relationship between AST and age 
(Figure 4D, H). This part detected no significance, indicating 
that the liver function-related marker AST is independent 
based on the given variables (GLU, GLU_2H, and GLU_RA-
TIO).

Identif ication of subpopulations of diabetic patients using 
major blood markers:

In this section, we are curious about the ability of each 
biomarker or disease to identify subpopulations of diabetic 
patients. After cleaning the database by deleting patients and 
biomarkers with empty values for analysis optimization, we 
plotted a UMAP based on patients' CBC and BC test results. 
Then, we colored the UMAP according to the level of each 
biomarker or the presence of diseases in patients. The popu-
lation was divided into three equal-sized subgroups based on 
the marker of interest. We investigated the role of 42 biomark-
ers in characterizing subpopulations of patients. Among these 
biomarkers, we identified 12 that can divide the patients into 
subpopulations. In previous sections, biomarkers related to re-
nal functions and glucose metabolism, such as SCR, SUA, and 
GLU_RATIO, have already been introduced (Figure 5E, F, L).

We categorized the identified markers based on their as-
sociated organ functions. Among these biomarkers, we first 
investigated the ones related to individuals' cardiovascular 
well-being. This includes TG, total cholesterol (TC), HDL_C, 

SCR and GLU_2H (Figure 3J, N). Besides, we identified a 
negative trend in the scatter plot and no significant difference 
in the bar plot when analyzing the relationship between SCR 
and GLU_RATIO (Figure 3K, O). These findings show that 
SCR is dependent on GLU and GLU_2H. Furthermore, no 
correlation was found between SCR and the age of patients 
(Figure 3L, P).

We also investigated the association between major glucose 
markers and SUA. SUA quantifies the level of uric acid present 
in the blood. An abnormal level of SUA can cause hyperurice-
mia and gout.21,22 Here, the data suggest a negative trend in the 
scatter plot and no significant difference in the bar plot when 
analyzing the relationship between SUA and GLU (Figure 
3Q, U). We also detected a significant negative correlation in 
the scatter plot and significant differences in the bar plot when 
analyzing the relationship between SUA and GLU_2H, indi-
cating SUA is highly dependent on GLU_2H (Figure 3R, V). 
We showed a negative trend in the scatter plot and no signifi-
cant difference in the bar plot when analyzing the relationship 
between SUA and GLU_RATIO (Figure 3S, W). Moreover, 
no significance was detected between SUA and patients' age 
(Figure 3T, X).
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Figure 3: Renal function markers and their association with GLU and 
GLU_2H levels in diabetic patients. (A-D) The plots show the linear 
correlation between GLU (A), GLU_2H (B), GLU_RATIO (C), AGE 
(D), and BU. (E-H) Diabetic patients were categorized based on their 
GLU (E), GLU_2H (F), GLU_RATIO (G), or AGE (H). The bar charts 
represent the average BU level of each group. (I-L) The plots show the linear 
correlation between GLU (I), GLU_2H ( J), GLU_RATIO (K), AGE (L), 
and SCR. (M-P) Diabetic patients were categorized based on their GLU (M), 
GLU_2H (N), GLU_RATIO (O), or AGE (P). The bar charts represent the 
average SCR level of each group. (Q-T) The plots show the linear correlation 
between GLU (Q), GLU_2H (R), GLU_RATIO (S), AGE (T), and SUA. 
(U-X) Diabetic patients were categorized based on their GLU (U), GLU_2H 
(V), GLU_RATIO (W), or AGE (X). The bar charts represent the average 
SUA level of each group. Error bars are standard deviation. Related statistical 
analysis is indicated in the methods and materials. The p values are plotted in 
the graphs.

Figure 4: Liver function markers and their association with GLU and 
GLU_2H levels in diabetic patients. (A-D) The plots show the linear 
correlation between GLU (A), GLU_2H (B), GLU_RATIO (C), AGE (D), 
and AST. (E-H) Diabetic patients were categorized based on their GLU 
(E), GLU_2H (F), GLU_RATIO (G), or AGE (H). Error bars are standard 
deviation. Related statistical analysis is indicated in the methods and materials. 
The p values are plotted in the graphs.
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(CAS), Fatty liver disease (FLD), Biliary tract disease (BTD), 
and Nervous system disease (NSD). CAS is mainly caused 
by atherosclerotic plaque, which is part of atherosclerosis dis-
ease (Figure 6A).29 FLD starts with an abnormal amount of 
triglycerides in the liver and is often linked to obesity and di-
abetes (Figure 6B).30 BTD refers to diseases that affect the 
biliary tract, including the gallbladder, bile ducts, and their 
structures (Figure 6C).31 NSD stands for disorders that impact 
the nervous system (Figure 6D).

�   Discussion
In previous diabetes investigations, researchers have made 

significant progress in identifying new blood and tissue-based 
biomarkers that can enable the identification, prevention, and 
therapy of diabetes.32 Recently, we have been curious about 
the relationship between glucose-related biomarkers (GLU, 
GLU_2H, and GLU_RATIO) and different organ function 
and disease-related biomarkers, as well as how various bio-
markers and diabetes complications can be used to identify 
diabetic patient subpopulations. Among the glucose-related 
biomarkers, GLU_RATIO is a newly derived marker aimed 
at determining the relative dynamics of glucose in patients. 
Our research uses the "Diabetes Complications Data Set" to 
conduct a detailed bioinformatic analysis of these biomarkers.

According to clinical data on diabetic patients, around 70% 
of type 2 diabetes patients are affected by diabetic dyslipid-
emia.33 Diabetic dyslipidemia is a collection of anomalies 
related to lipoproteins. TG is a common kind of fat, and el-
evated TG can make the walls of arteries harder and thicker, 
resulting in an increased risk of cardiovascular diseases.34 In 
our investigation, we identified that within diabetic patients, 
those with higher GLU also tend to have higher TG, which 
has been previously discussed (Figure 2E). The glucose lev-
els of the diabetic population were already beyond the normal 
range. However, this population can be further divided into 
high and extra-high groups. This implies that absolute GLU 
within diabetic patients still matters and can be used as a 
marker to predict the major blood lipid marker TG. High TG 
levels potentially contribute to an increased likelihood of car-
diovascular diseases in people with diabetes.

Diabetic nephropathy is a kidney disease resulting from dia-
betes. Diabetic kidney diseases may lead to disorders following 
persistent albuminuria and a gradual decrease in the rate of 
glomerular filtration. According to clinical data, about 30-40 
percent of diabetic patients develop diabetic nephropathy.35 
For diabetic patients, a consistently high blood sugar level can 
lead to artery narrowing and blockage, causing harm to the 
kidneys.36 Also, diabetes is often associated with prolonged 
hyperglycemia, leading to oxidative stress compounds building 

and low-density lipoprotein (LDL_C). TG and HDL_C have 
already been discussed in previous sections (Figure 5A, C). TC 
measures the total amount of cholesterol in the bloodstream, 
including HDL_C and LDL_C (Figure 5B). In contrast to 
HDL_C, LDL_C is commonly known as "bad" cholesterol 
since it aids in the transportation of cholesterol to peripherals 
(Figure 5D).25

We are then interested in biomarkers related to liver func-
tions, such as DBILI, IBILI, TBILI, ALT, and AST. Bilirubin 
is generated by the degradation of red blood cells, metabo-
lized by the liver, and eliminated from the body.26 DBILI tests 
conjugated bilirubin, which is in a water-soluble form (Figure 
5G).26 In contrast, IBILI tests unconjugated bilirubin, a form 
of bilirubin excreted from the bile (Figure 5H).27 Unconju-
gated bilirubin circulates the body while bound to a protein. 
Besides, TBILI is a test that measures the total bilirubin in the 
blood, including both conjugated and unconjugated bilirubin 
(Figure 5I). In addition, ALT is an enzyme essential for the 
metabolism of glucose and protein (Figure 5J).28 AST has al-
ready been introduced previously (Figure 5K).

Identif ication of subpopulations of diabetic patients using 
disease markers:

Next, we focus on exploring the ability of different diabetes 
complications to separate diabetic patients. Despite various 
biomarkers, our database also includes secondary diseases re-
ported by patients. Instead of coloring the UMAP according 
to specific biomarkers, we colored it based on whether the di-
abetic patients have specific diseases. In Figure 6, blue dots 
(or 0 indicated in the legend) represent diabetic patients who 
do not report the corresponding disease. In contrast, orange 
dots (or 1 indicated in the legend) represent diabetic patients 
reporting the corresponding disease. We found out that 4 out 
of 32 diseases can successfully characterize diabetic patients 
into subpopulations, which include Carotid artery stenosis 
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Figure 5: UMAP for diabetic patients is colored according to corresponding 
biomarkers. If a patient’s corresponding biomarker is in the lowest one-
third range, the data point will be marked blue; if a patient’s corresponding 
biomarker is in the middle one-third range, the data point will be marked 
gray; if a patient’s corresponding biomarker is in the highest one-third range, 
the data point will be marked orange. (A) UMAP is colored based on TG. (B) 
UMAP is colored based on TC. (C) UMAP is colored based on HDL_C. (D) 
UMAP is colored based on LDL_C. (E) UMAP is colored based on SCR. 
(F) UMAP is colored based on SUA. (G) UMAP is colored based on DBILI. 
(H) UMAP is colored based on IBILI. (I) UMAP is colored based on TBILI. 
( J) UMAP is colored based on ALT. (K) UMAP is colored based on AST. (L) 
UMAP is colored based on GLU_RATIO.

Figure 6: The UMAP for diabetic patients is colored according to the 
corresponding diseases. (A) UMAP is colored based on CAS. (B) UMAP is 
colored based on FLD. (C) UMAP is colored based on BTD. (D) UMAP is 
colored based on NSD.
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up. This can deteriorate bladder function.37 These two cases 
will cause the kidneys not to work correctly, reducing BU pro-
duction. Our study detected that diabetic patients with high 
GLU often have a lower BU (Figure 3E). This implies that 
diabetic individuals with higher GLU exhibit higher kidney 
stress and potential liver damage, which highlights that more 
blood sugar control and attention to the liver are needed for 
diabetic patients with high GLU.

In addition, SCR is a reliable biomarker for detecting late 
changes in kidney function, such as acute kidney injury.38 Low 
SCR can be caused by liver disease, muscle disorders, or cer-
tain drugs.39 We identified negative correlations between SCR 
and GLU or GLU_2H, indicating that diabetic patients with 
higher GLU or GLU_2H levels may require additional man-
agement to assess their kidney condition (Figure 3M, J, N). An 
abnormally elevated GLU_2H is considered hyperglycemia, 
which is related to a higher risk of diabetes.40 This aligns with 
previous scientific research stating that low SCR is linked to 
a higher likelihood of developing type 2 diabetes mellitus.41 
Furthermore, we found a negative correlation between SUA 
and GLU_2H, which implies that diabetic patients with lower 
GLU_2H tend to have higher SUA (Figure 3V). Given that 
elevated SUA is detected in the initial stage of impaired glucose 
metabolism, it is reasonable to suggest that diabetic patients 
with low levels of GLU and GLU_2H can have high SUA.42

Even though there are 42 biomarkers and 32 diseases in our 
database, only 12 of the biomarkers and 4 of the diseases can 
influence patients and categorize the population into distinct 
subpopulations. As a result, some markers are more important 
than others because they can identify and separate subpopu-
lations. When we examine an individual data point with an 
extreme value of one of these markers, we can infer that this 
patient belongs not only to a large diabetic population but 
also to a smaller population of people with specific biological 
characteristics. We identified a list of biomarkers that can cate-
gorize subpopulations of diabetic patients—TG, TC, HDL_C, 
LDL_C, SCR, SUA, DBILI, IBILI, TBILI, ALT, AST, and 
GLU_RATIO (Figure 5). For example, diabetic patients who 
belong to the elevated TC levels subpopulation may be more 
susceptible to developing cardiovascular ailments.43 LDL_C is 
likely to contribute to the accumulation of plaque; high LD-
L_C can lead to higher risks of heart disease and stroke.44,45 
GLU_RATIO reflects the body’s ability to regulate glucose 
before and after dietary intake. This evidence suggests that pa-
tients with different levels of the identified markers can exhibit 
distinct phenotypes and may be treated differently, given that 
they may belong to other subpopulations.

In addition, we identified CAS, FLD, BTD, and NSD as the 
secondary diseases that make diabetes patients exhibit different 
phenotypes. These four diseases affect the blood profile of dia-
betic patients, leading to the characterization of subpopulations 
(Figure 6). CAS is caused by the accumulation of plaque inside 
the arteries. Since diabetic patients often experience hypergly-
cemia and high cholesterol levels, these risk factors increase 
the probability of plaque building up in the carotid arteries.46,47 
Therefore, a specific subpopulation of diabetic patients faces 
elevated susceptibility to CAS, which is characterized in our 

plot (Figure 6A). Besides, since insulin resistance is linked to 
an elevated amount of free fatty acids, it is reasonable to reflect 
that this imbalance exacerbates the advancement of FLD in 
diabetic patients (Figure 6B).48 BTD refers to diseases affect-
ing the biliary tract. Diabetes affects both the production and 
release of bile acids, leading to excess cholesterol in the bile. As 
the level of cholesterol increases, gallstones are more likely to 
form.49 Consequently, certain diabetic patients would have a 
higher risk of developing BTD and are characterized different-
ly from blood tests (Figure 6C). Furthermore, diabetic patients 
commonly experience hyperglycemia, referred to as high blood 
glucose levels and increased amounts of lipids. Prolonged hy-
perglycemia can lead to nerve damage, causing NSD (Figure 
6D).50 These results suggest that diabetic patients with these 
identified secondary diseases belong to subpopulations that ex-
hibit distinct phenotypes compared to the general population 
and may require different treatments. More importantly, the 
indications and presentations of the UMAP provide us with a 
template to evaluate the risk of new patients who have not ex-
hibited symptoms of the identified secondary disease but have 
fallen into the corresponding secondary disease subpopulation. 
This could suggest that extra attention and precautions may 
be needed to manage their risk of developing related diseases.

Although we utilized a large amount of data from the "Di-
abetes Complications Data Set," there are still some study 
limitations that can be further explored. Firstly, most of the 
reported associations are correlations, not causations. Future 
experiments that control one of the glucose markers, poten-
tially through dietary interventions and evaluation of the 
associated markers, can help further identify the underlying 
mechanisms and causality. Secondly, given the limited number 
of patients and the diversity of reported secondary diseases, our 
investigations have not covered all potential diabetic complica-
tions, such as diabetic dermopathy, diabetic osteoporosis, and 
cataracts.51–53 If a more extensive investigation of diabetic com-
plications can be conducted, even including some rare diseases, 
this might aid in developing more personalized and targeted 
medical treatments and make our understanding of the chal-
lenges faced by diabetic patients more comprehensive.

�   Conclusion 
In this study, we conducted a detailed bioinformatics analy-

sis using the "Diabetes Complications Data Set". We revealed 
intricate correlations between glucose-related markers and 
different function-related biomarkers, including blood lipids, 
renal function, and liver function. We also identified twelve 
biomarkers and four diseases that are important in categoriz-
ing diabetic patients into subpopulations. These discoveries 
enhance our understanding of the nuanced bodily mechanisms 
of diabetic patients compared to people without diabetes. The 
results highlight that different diabetic patients exhibit sub-
tle differences in their biomarker performances, which are 
potentially influenced by differential diabetic complications. 
This study potentially encourages the development of target-
ed treatments for diabetic subpopulations, considering their 
differential CBC and BC biomarker performances. Overall, 

DOI: 10.36838/v6i8.12

ijhighschoolresearch.org



	 77	

our findings provide new insights into how markers affected 
by diabetes could be altered and the development of targeted 
interventions and medical treatments for diabetes.
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