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Abstract

patients.

Emerging evidence reveals a complex association between type 2 diabetes (T2D) and coronary heart disease (CHD),
which share common risk factors and biological pathways. This study aims to identify the shared proteomic signatures
of T2D and CHD, as well as whether the shared proteins predict incident CHD in T2D patients, and to develop predictive
models. Utilizing data from 53,014 UK Biobank participants and 2923 plasma proteins, we identified 488 proteins
associated with T2D, of which 125 proteins were also associated with CHD. Among the shared proteins, we determine
nine proteins showing causal associations with CHD, including PCSK9, NRP1, and CD27. Mediation analyses suggest
that the nine proteins mediate the association between T2D and CHD. By integrating these proteins into our predictive
model, we achieved a desirable prediction (AUC=0.819) for future CHD onset in T2D patients. Additionally, druggability
evaluation show 32 potential therapeutic agents, including established antihypertensives and nine novel compounds,
suggesting avenues for dual-targeted treatment strategies. Collectively, our findings unveil the proteomic signatures
associated with both T2D and CHD, providing implications for screening and predicting future CHD onset in T2D

Introduction

Type 2 diabetes (T2D) is a major global health issue char-
acterized by insulin resistance and a relative deficiency
of insulin [1, 2]. This condition leads to hyperglycemia
and various complications, such as cardiovascular dis-
ease. Among these complications, coronary heart dis-
ease (CHD) poses a critical risk for patients with T2D,
significantly increasing mortality rate. People with T2D
have a two—four fold increased risk of developing CHD
compared to those without diabetes [3, 4]. This highlights
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the urgent need for effective prevention and management
strategies. Currently, managing T2D mainly depends on
lifestyle changes and medications focused on controlling
blood sugar levels; however, these interventions often fail
to effectively reduce the risk of CHD [5-7]. This reveals a
significant gap in understanding the underlying mecha-
nisms of disease and underscores the need for a deeper
understanding of how T2D is linked to CHD. Research
shows that T2D and CHD share environmental expo-
sure risk factors, such as lifestyle and obesity [8]. At the
same time, they also share some genetic factors, such as
PCSK9 and RACI [9]. The interaction of genetic, envi-
ronmental, and lifestyle factors makes this association
complex, requiring a comprehensive approach to explore
the underlying mechanisms and create effective predic-
tive tools.
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Therapeutic drugs

Proteins, which are the intricate molecular products
resulting from the complex interactions between genes
and the surrounding environment, have the potential
to serve as more reliable indicators for predicting the
onset of various diseases [10]. Plasma proteins, as a more
accessible source of protein, have better disease relevance
in clinical research and are a great choice for proteomic
studies. Despite this promising capability, the specific

protein molecules that are shared between T2D and
CHD remain largely unknown at this time. Furthermore,
it is still unclear whether the protein molecules that influ-
ence the development of T2D can also serve as predic-
tive markers for the occurrence of CHD [11]. Therefore,
employing advanced proteomics techniques to develop
a comprehensive predictive model for CHD specifically
in patients suffering from diabetes will be crucial [12].
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In addition, the integration of machine learning (ML)
algorithms and Mendelian randomization (MR) analy-
sis methods with traditional epidemiological statistical
approaches to support proteomics technology not only
broadens the spectrum of analytical techniques available
but also significantly enhances the reliability and robust-
ness of the final predictive model [13, 14]. This approach
will significantly enhance the prognostic management of
diabetic patients and contribute to alleviating the burden
of comorbidities associated with these conditions.

This study aims to identify the shared proteomic sig-
natures of T2D and CHD, as well as whether the shared
proteins predict incident CHD in T2D patients, and to
develop predictive models, considering the complexity
of T2D and its link to CHD. First, we screened core pro-
teins related to T2D from a total of 2,923 plasma proteins
using ML techniques and built an interaction network
for these proteins. Subsequently, we employed the Cox
proportional hazards model to preliminarily identify pro-
teins linked to CHD occurrence in T2D patients. Third,
we performed causal association validation on proteins
associated with CHD occurrence in the T2D population
using protein quantitative trait loci (pQTL) MR analy-
sis. Fourth, we constructed a predictive model for future
CHD incidence in T2D patients. This model utilized pro-
teins validated by the Cox proportional hazards model
and pQTL MR analysis, and we assessed its effectiveness.

Study Population and Design
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Fifth, mediation analysis was used to explain how the
aforementioned proteins influence the progression from
T2D to CHD. Finally, we elucidated the potential proteins
through protein—protein interaction analysis, enrich-
ment analysis, etc., and predicted drugs that could pre-
vent CHD occurrence in T2D patients.

Methods
Population and study design
The UK Biobank (UKB) (https://www.ukbiobank.ac.uk/)
is a long-term study that has recruited over 500,000 par-
ticipants aged 40 to 69 [15]. The protein data in this study
was obtained from the UKB database, which included
53,014 participants and measured 2,923 plasma pro-
teins. The data for the Cox proportional hazards model
was also sourced from the UKB, primarily comprising
T2D and CHD data, as well as demographic and lifestyle
information. For the pQTL MR and mediation analyses,
the pQTL data was obtained from the Icelandic database,
with 35,559 participants and 4,907 plasma proteins [16].
T2D and CHD data were obtained from the FinnGen
consortium, which included 440,735 and 453,733 par-
ticipants, respectively [17]. This approach ensured popu-
lation uniformity and minimized bias from a single data
source.

Figure 1 illustrates the overall design of the study. We
conducted a comprehensive proteomics study to identify
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Fig. 1 The flow chart. First, screen core proteins related to T2D from a total of 2923 plasma proteins and build an interaction network for these proteins;
second, identify proteins linked to CHD occurrence in T2D patients; third, perform causal association validation on proteins associated with CHD occur-
rence in the T2D population; fourth, construct a predictive model for future CHD incidence in T2D patients and verify the model's effectiveness; fifth,
explain how the aforementioned proteins influence the progression from T2D to CHD; sixth, elucidate the potential proteins through protein—protein
interaction analysis, enrichment analysis, etc,, and predicted drugs that could prevent CHD occurrence in T2D patients. 72D Type 2 diabetes, CHD Coro-
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proteins that predict future CHD in patients with T2D.
Simultaneously, we developed predictive models using
these proteins and further clarified their effects within
the models.

Proteomic profiling

The expression of proteins was standardized and quanti-
fied by utilizing baseline blood samples on the advanced
antibody-based Olink Explore 3072 platform, which is
renowned for its precision and reliability in proteomic
analysis. Detailed methodologies for sample processing,
Olink proteomics detection, plasma analysis, and data
processing can be found in previous studies that laid the
groundwork for this research [18]. A total of 2,923 pro-
teins were detected using this platform. To maintain data
integrity, we excluded any proteins that exhibited missing
values exceeding 20% of the participants, ensuring that
our findings would be both robust and reliable.

Diagnosis of T2D and CHD

The UKB database defines disease phenotypes using
various data sources, including hospital records, primary
care information, and death registrations, providing a
strong framework for disease classification. In our study,
we use the time of blood collection as the baseline, which
is crucial for our analysis. The identification of cases of
T2D at this baseline is conducted in accordance with
the International Classification of Diseases, 10th Revi-
sion (ICD-10), including the codes E110 to E119, which
pertain to Non-insulin-dependent diabetes mellitus. Fur-
thermore, the identification of new-onset CHD during
the follow-up period is similarly grounded in the ICD-10
classification system, encompassing a range of relevant
codes including 120 (angina pectoris), 121 (acute myo-
cardial infarction), 122 (subsequent myocardial infarc-
tion), 123 (certain current complications following acute
myocardial infarction), 124 (other acute ischaemic heart
diseases), and 125 (chronic ischaemic heart disease). This
approach offers a comprehensive overview of potential
cardiovascular conditions.

Additional data

Demographic factors such as sex, age, ethnicity, qualifi-
cations, and body mass index (BMI), as well as lifestyle
factors like smoking, alcohol consumption, sleep dura-
tion, daytime napping, and sleeplessness, were included
as covariates in this study. Including this data effectively
eliminates potential confounding biases and clearly
demonstrates the impact of lifestyle on protein expres-
sion, thereby enhancing the reliability and validity of the
results.
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Statistical analyses

Identification of core proteins for T2D

First, the 2,923 plasma protein data from the UKB data-
base required data quality control. Proteins with over
20% missing participant data were excluded to ensure
data quality and reliability of the results. Second, the R
programming language's mice package (version 3.14.0)
was used to impute missing values in the protein data.
Third, the Lasso regression model was used to screen
for core proteins for T2D. Finally, the STRING database
(https://string-db.org) was utilized to clarify the interact
ion associations among the core proteins associated with
T2D [19].

Cox proportional hazards model

The dplyr package (version 1.0.9) and purrr package (ver-
sion 0.3.4) were utilized to integrate various datasets,
including protein, T2D, CHD, demographic, and life-
style data from the UKB database, based on the analysis
requirements. After integrating the core proteins related
to T2D with demographic and lifestyle data, we used the
Cox proportional hazards model to analyze the associa-
tion between these proteins and the future incidence of
CHD in individuals diagnosed with T2D. A P-value of
less than 0.05 suggested a significant association between
the corresponding protein and the future CHD events in
the T2D population.

MR analysis

pQTL MR analysis was employed to further investi-
gate the causal association between proteins predicting
future CHD in the T2D population and the onset of CHD
itself. The Inverse Variance Weighted (IVW) method
was employed as the primary method, and MR Egger,
Weighted median, Simple mode, Weighted mode were
employed as the supplementary methods. P value <0.05
indicated a genetic causal association between protein
and CHD. The instrumental variables (IVs) for pQTL and
CHD had to satisfy four screening criteria: (1) IVs were
associated with exposure (P<5e-8); (2) Linkage disequi-
librium (LD) was excluded (+*<0.001, kb=10,000); (3)
IVs had sufficient strength of association with exposure
(F>10); (4) Confounding factors for IVs were excluded
using the OpenGWAS database (https://gwas.mrcieu.ac.
uk/) [20].

Heterogeneity tests, leave-one-out sensitivity analysis,
and MR-PRESSO were employed to validate the positive
results of the MR analysis to further enhance the cred-
ibility of the results. To validate positive results, we began
by conducting heterogeneity tests to assess whether the
IVs were heterogeneous. A P-value greater than 0.05
indicated no heterogeneity among the IVs, leading to
the use of a fixed-effect model for MR analysis. Con-
versely, a P-value less than 0.05 suggested heterogeneity,
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prompting the use of a random-effect model. Next, we
conducted leave-one-out sensitivity analysis to exam-
ine the impact of individual IVs on the overall results of
the MR analysis. Furthermore, because the MR Egger
method includes the intercept term in regression analy-
sis, we compared it with the IVW method to test for
horizontal pleiotropy among the IVs. P > 0.05 indicated
no horizontal pleiotropy among the IVs, and the IVW
method was used as the result of the MR analysis; con-
versely, the MR Egger method was used as the result of
the MR analysis. Finally, the MR-PRESSO method was
applied to identify any outliers among the IVs included
in the study. We strictly tested each IV for outliers, and
if outliers were found, they needed to be excluded and
reanalyzed until no outliers remained among all IVs [21].

Prediction model construction and evaluation

Proteins validated through Cox proportional hazards model
and pQTL MR analysis model were utilized to develop a
prediction model for future CHD occurrences in the T2D
population. The nomogram, as a graphical method for
comprehensive analysis of multiple variables to predict
the occurrence of a specific event, was used to display the
results of the prediction model. Calibration curves, which
transform continuous data into discrete categories, were
used to evaluate how closely the model’s predicted prob-
abilities matched the actual probabilities. Receiver Operat-
ing Characteristic (ROC) Curve, Area Under ROC Curve
(AUC), and Concordance Index (C-Index) were used to
evaluate the accuracy of the model's predictions. Decision
curve analysis (DCA) Curve illustrate how net benefits
change when patient interventions are based on model pre-
dictions as the threshold probability varies, thereby helping
to evaluate the model's clinical value.

Mediation analysis

To further clarify how proteins influence the occurrence
of CHD in the T2D population, mediation analysis was
used to reveal this process. We performed MR analyses
separately for T2D and CHD, T2D and proteins, and
proteins and CHD. Following these, we conducted a
two-step mediation MR analysis to assess how each pro-
tein mediates the occurrence of CHD in the T2D popu-
lation. The screening criteria for IVs included: P<5e-8,
r?<0.001, kb=10,000, F>10, and confounding factors
were excluded [20, 21].

Protein—protein interaction and enrichment analysis

To explore the associations between proteins that pre-
dict CHD in individuals with T2D, the STRING database
was utilized to clarify how these proteins interact. The
Gene Ontology (GO) database classifies gene and pro-
tein functions into three categories: Biological Process,
Cellular Component, and Molecular Function. These
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categories help in studying the functional characteristics
of genes and proteins. The Kyoto Encyclopedia of Genes
and Genomes (KEGG) database is a well-established and
publicly accessible resource for pathway research. Enrich-
ment analysis, supported by hypergeometric distribution,
effectively clarifies the functions and pathways of various
proteins. We employed the clusterProfiler (version 4.4.4)
package to conduct this analysis on the proteins men-
tioned earlier.

Drug prediction

The DGIdb database (https://www.dgidb.org/) is a publi
¢ database designed for drug prediction [22]. To further
enhance the clinical value of this study, the DGIdb data-
base was used to predict potential drugs. These drugs
may impact the occurrence of CHD in individuals with
T2D.

Results

Identification of core proteins for T2D

After a thorough screening, we identified six proteins
from the 2,923 plasma proteins obtained from the UKB
that had missing participant values exceeding 20%. These
proteins are CTSS, PCOLCE, C3, CST1, NPM1, and
GLIPR1. Subsequently, 2,917 proteins were included
in the analyses, which involved 3,335 T2D patients and
49,679 controls from a total of 53,014 participants. Fol-
lowing data imputation and selection with the Lasso
regression model, we identified 488 core proteins associ-
ated with T2D (Figure S1A-B, Table S1). Furthermore, a
protein—protein interaction analysis demonstrated 212
interactions among the 488 core plasma proteins associ-
ated with T2D, using a high confidence threshold of 0.70
(Figure S1C, Table S2).

Identification of proteins linked to CHD in the T2D patients
A dataset of 488 core proteins related to T2D was cre-
ated from 3,335 T2D patients through thorough data
screening and integration. The dataset includes 1,084
T2D patients who developed CHD after diagnosis as the
experimental group, and 2,251 T2D patients who did
not develop CHD as the control group. The dataset also
included relevant demographic and lifestyle data for the
participants. The Cox proportional hazards model results
showed that 125 proteins were linked to the occurrence
of CHD in the T2D population. Among these, 102 pro-
teins, such as PCSK9, had a positive correlation (Hazard
Ratio [HR]=1.2777, 95% CI 1.1558-1.4125), while 23
proteins, such as NRP1, displayed a negative correlation
(HR=0.9004, 95% CI 0.8178—0.9914) (Fig. 2A, Table S3).

Causal effects between plasma proteins and CHD
The Genome-wide association study (GWAS) data for CHD
was sourced from the FinnGen consortium (https://ww
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w.finngen.fi/en/access_results) under the accession num-
ber finngen_R11_I9_CHD, which included 51,098 CHD
patients and 402,635 controls. After obtaining the GWAS
data of proteins associated with the occurrence of CHD in
the T2D population from the pQTL data in Iceland, pQTL
MR analysis was conducted. The results indicated that 11
proteins, including PCSK9, were successfully validated with
suggestive evidence of a causal association with CHD.

The sensitivity analysis indicated that the proteins
NEFL and NRP2 showed evidence of horizontal pleiot-
ropy, leading to their exclusion from the study. Addition-
ally, some protein results showed heterogeneity, leading
to the use of a random effects model to present the final
results. Ultimately, nine proteins were validated as hav-
ing suggestive evidence of a causal association with CHD,
suggesting their potential to predict CHD incidence in
the T2D population. Among these nine proteins, five,
including PCSK9, exhibited a positive causal associa-
tion (Odd Ratio [OR]=1.2228, 95% CI 1.1533-1.2965).
In contrast, four proteins, including NRP1, demon-
strated a negative causal association (OR =0.9326, 95% CI
0.9016-0.9647). Additionally, PCSK9 has been previously

reported in the literature, whereas the other eight pro-
teins were newly discovered in this study. The correction
results showed that among these nine proteins, PCSK9
(FDR=7.6920E-10), NRP1 (FDR=1.6444E-03), and
CD27 (FDR=2.1725E-02) provided statistically signifi-
cant evidence of a causal association (Fig. 2B, Figure S2,
Table S4). The correspondence between positive results
from the Cox proportional hazards model and the pQTL
MR analysis model is shown in Fig. 2C-E.

Prediction model construction and evaluation

To evaluate the clinical value of the identified proteins in
predicting CHD incidence among individuals with T2D,
we first created a basic model (Model 1) using demo-
graphic and lifestyle data from this population. The ROC
curve indicated that model 1 had an AUC of 0.729 (95%
CI 0.710-0.748) and a C-index of 0.727 (95% CI 0.708—
0.746), reflecting moderate predictive accuracy (Figure
S3A-B). Subsequently, nine proteins with predictive
potential were used to construct Model 2. For Model 2,
the ROC curve revealed an AUC of 0.733 (95% CI1 0.715—
0.751) and a C-index of 0.733 (95% CI 0.715-0.751), both
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reflecting moderate predictive accuracy and an improve-
ment over Model 1 (Figure S4A—B). PCSK9 was validated
by both the Cox proportional hazards model and the
pQTL MR analysis model, providing stronger statistical
evidence after FDR correction. Consequently, we inte-
grated PCSK9 into Model 1, thereby developing Model
3. The ROC curve analysis indicated that Model 3 had
an AUC of 0.734 (95% CI 0.715-0.753) and a C-index of
0.733 (95% CI 0.716-0.752) (Figure S5A-B). Its predic-
tive accuracy was comparable to that of Model 2. These
findings highlight the potential of the identified proteins,
especially PCSKO9, for predicting CHD in individuals with
T2D. Finally, we developed Model 4 by merging the nine
previously identified proteins with Model 1. The ROC
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curve indicated that Model 4 had an AUC of 0.819 (95%
CI 0.804-0.833) and a C-index of 0.818 (95% CI 0.803—
0.833). This indicates a notable enhancement in predic-
tive accuracy over the earlier three models (Fig. 3A-B,
Table 1).

To better evaluate the effects of the four models we
constructed, both individually and in relation to each
other, we also used calibration curves and DCA curves
in addition to the ROC curve and C-index. The results
from the calibration and DCA curves demonstrated that
our four models effectively predicted probabilities and
offered net benefits. Among the four models, the calibra-
tion curve showed that model 4 was closer to the true
predictive probability (Figure S3C, S4C, S5C, Fig. 3C).
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Table 1 Predictive performance of traditional risk factors and
identified plasma proteins for predicting future CHD events in
T2D patients

Predictive feature AUC (95% CI) Concordance
index (95% Cl)
Base model 0.729 (0.710-0.748) 0.727
(0.708-0.746)
nine proteins 0.733(0.715-0.751) ~ 0.733
(0.715-0.751)
Base model +PCSK9 0.734(0.715-0.753) 0.733
(0.716-0.752)
Base model + ninie proteins 0.819 (0.804-0.833) 0.818

(0.803-0.833)

The base model included sex, age, ethnicity, qualifications, body mass index
(BMI), smoking status, alcohol frequency, sleep duration, nap during day,
sleeplessness

Nine proteins included PCSK9, NRP1, CD27, REN, RNASE1, ANGPTL4, PALM,
RNASE6 and CYTL1

T2D Type 2 diabetes, CHD Coronary heart disease

Additionally, the DCA curve indicated that model 4 pro-
vided significantly better net benefits, suggesting a higher
clinical application value (Fig. 3D).

The mediation effect of T2D on CHD via proteins

The GWAS data for T2D were obtained from the Finn-
Gen consortium (https://www.finngen.fi/en/access_res
ults) under accession number finngen_R11_T2D, which
included 71,728 T2D patients and 369,007 control indi-
viduals. The mediation analysis revealed that the men-
tioned proteins regulated the influence of T2D on CHD.
The results indicated a causal association between T2D
and CHD, with a total effect B value of 0.1525. Among
the nine proteins, PCSK9 played a significant mediating
effect. Its expression level increased in the T2D popula-
tion, leading to a higher incidence of CHD, with a media-
tion proportion of 5.330%. Additionally, NRP1 and CD27
also demonstrated statistically significant causal associa-
tions after FDR correction, with mediation proportions
of 1.546% and 1.010%, respectively (Table 2, Figure S6).

Table 2 The mediation effect of T2D on CHD via proteins
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Construction of protein module networks and results of
protein enrichment analysis

The protein—protein interaction analysis identified 10
primary and 20 secondary associated proteins related to
the nine proteins predictive of CHD in the T2D popula-
tion, creating a network of 168 interactions (threshold:
high confidence (0.70)) (Fig. 4A, Table S5). The enrich-
ment analysis results indicated that these nine predic-
tive proteins were involved in 302 biological processes, 8
cellular components, and 36 molecular functions. Addi-
tionally, they were primarily enriched in two pathways.
Specifically, these nine proteins were primarily located
in the pseudopod, endolysosomal, and apical plasma
membranes of cells related to circulation and metabo-
lism. They were involved in biological processes such as
coronary vascular morphogenesis, lipid homeostasis, and
systemic hormone regulation, with functions including
insulin-like growth factor receptor binding, apolipopro-
tein binding, and ion channel regulatory activity. More-
over, these nine proteins were involved in cholesterol
metabolism and the renin-angiotensin system (Fig. 4B,
Table S6).

Drug prediction

Using the DGIdb database, we successfully predicted and
identified corresponding drugs for five of the nine previ-
ously obtained proteins, yielding a total of 32 potential
drugs. A total of 23 drugs have been reported in relation
to conditions such as CHD, myocarditis, and hyperten-
sion. Among these, the REN-related drug aliskiren has
been approved as an antihypertensive agent (Interaction
score=5.2508), and the PCSK9-related drug alirocumab
has been approved as a cholesterol-lowering agent (Inter-
action score=4.0391). Additionally, we identified nine
previously unreported drugs, marking new discoveries.
Among these, cytidine-3’-monophosphate had the high-
est predicted score of 105.0153, indicating its potential
for treating comorbid T2D and CHD, as well as for pre-
venting CHD while managing T2D (Fig. 4C, Table S7).

T2D-proteins-CHD Total effect Direct effect 1 Direct effect 2 Direct effect Mediation effect

Mediated proportion (%) (95%Cl)

B B B B B (95%CI)

PCSK9 0.1525 0.0404 0.2011 0.1443 0.0081(0.0021,0.0142) 5.330(1.368,9.292)
NRP1 0.1525 -00338 —0.0698 0.1501 0.0024(0.0010, 0.0037) 1.546(0.684, 2.408)
CcD27 0.1525 0.0455 0.0338 0.1509 0.0015(0.0008, 0.0023) 1.010(0.504, 1.515)
REN 0.1525 —0.0350 0.1915 0.1592 —0.0067(-0.0197, 0.0063) —4.394(— 12.930, 0.000)
RNASE1 0.1525 0.0577 0.0383 0.1503 0.0022(0.0012, 0.0032) 1.449(0.800, 2.097)
ANGPTL4 0.1525 0.0358 0.0650 0.1501 0.0023(0.0003, 0.0044) 1.526(0.185, 2.866)
PALM 0.1525 — 00693 —0.0471 0.1492 0.0033(0.0018, 0.0047) 2.138(1.194, 3.082)
RNASE6 0.1525 - 00367 -00135 0.1520 0.0005(1.9254E-05,0.0010)  0.324(0.013, 0.635)
CYTL1 0.1525 0.0429 —-0.0264 0.1536 —0.0011(-0.0018, — 0.0005) —0.741(—1.164,—0.319)

T2D Type 2 diabetes, CHD Coronary heart disease
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Discussion

In this large-scale proteomic analysis, we first identi-
fied 488 core proteins related to T2D and their interac-
tions, of which 125 proteins were associated with the
occurrence of CHD in the T2D population. Among the
shared proteins, nine proteins were causally associ-
ated with CHD. Our study identifies significant associa-
tions between the established protein PCSK9 and newly
discovered proteins, such as NRP1, in relation to CHD
risk. This highlights the potential of these biomarkers
to improve clinical risk assessment and inform targeted
treatment strategies. Mediation and enrichment analy-
ses clarify how these proteins are involved in the link
between T2D and CHD. Our drug screening identified

32 drugs that may prevent CHD in the T2D population,
including nine that are newly discovered. In this discus-
sion, we will examine the significance of our findings and
the biological effects of the identified proteins. We will
also explore how these proteins may contribute to the
mechanisms linking T2D and CHD. Additionally, we will
assess the potential value of predictive drugs for future
personalized treatments in the T2D population.

Utilizing ML methods to identify core proteins linked
to T2D marks a major step in comprehending the dis-
ease's complex interactions. Our study identified 488
core proteins associated with T2D. It also revealed 212
interactions among these proteins, which enhances the
potential for early biomarkers in clinical settings.The
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functions of these core proteins, especially their effects in
metabolic pathways and vascular health, warrant further
investigation. Research has shown that elevated levels of
inflammatory markers such as C-reactive protein (CRP)
are associated with an increased risk of T2D, under-
scoring the importance of inflammation in this context
[23]. Furthermore, the connections between metabolic
syndrome, insulin resistance, and cardiovascular health
are well-documented, indicating that targeting these
pathways may benefit patients [24—26]. Understanding
protein interactions better may clarify the mechanisms
behind T2D. This insight could lead to targeted therapies
that address the disease's root causes. The identification
of these biomarkers has significant clinical implications;
it could transform management practices and facilitate
personalized interventions tailored to individual risk pro-
files, ultimately improving patient outcomes and quality
of life.

This study applied Cox proportional hazards models
and MR analysis, providing strong evidence that specific
proteins, including PCSK9, NRP1, and CD27, are linked
to the risk of CHD in patients with T2D. The Cox pro-
portional hazards model identified 125 proteins associ-
ated with CHD among 488 core proteins linked to T2D.
The MR analysis performed a follow-up validation of the
125 identified proteins, ultimately revealing nine pro-
teins that may have causal links to CHD, especially the
well-known protein PCSK9, which enhances the reliabil-
ity of our results [27]. Identifying PCSK9 as a core pro-
tein linked to CHD risk supports previous literature on
its effect in lipid metabolism and cardiovascular disease,
making PCSK9 inhibitors a promising therapeutic strat-
egy that may reduce CHD risk in T2D patients [28-30].
Additionally, discovering NRP1 and other proteins like
CD27 and REN provides new insights into the patho-
physiology of CHD in T2D patients. NRP1 is involved
in several biological processes, such as angiogenesis and
neuroprotection, which may influence cardiovascular
health [31, 32]. These proteins may be crucial targets for
innovative therapies that focus on lowering CHD risk
in individuals with diabetes. The integration of genetic
data reinforces the value of these biomarkers in clini-
cal practice, enabling personalized medicine approaches
that could greatly improve the management of T2D and
related cardiovascular risks.

Creating a predictive model with an AUC of 0.819 for
CHD in patients with T2D represents a significant step
forward in cardiovascular risk assessment. This model
uses specific protein biomarkers, showing their abil-
ity to improve early detection and intervention strate-
gies for CHD in this high-risk group. The robustness of
the model is further supported by calibration curves,
C-index, and DCA, all of which affirm its clinical appli-
cability and authenticity. Additionally, the model's
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predictive accuracy could be greatly enhanced by includ-
ing more biomarkers and clinical data, leading to a more
comprehensive approach to risk stratification. Future
research should focus on validating this predictive model
in various populations to confirm its general applicability.
Furthermore, incorporating more clinical variables, like
lifestyle factors and genetic predispositions, may improve
the model's accuracy and usefulness. This model has sig-
nificant implications, as it can guide clinical decisions,
allowing healthcare providers to start earlier interven-
tions for T2D patients at high risk for CHD. This pro-
active strategy may improve patient management and
reduce the burden of comorbidities linked to T2D and
CHD on healthcare systems. In light of these findings, it
is critical to prioritize further research on the complex
interactions between biomarkers, clinical variables, and
patient outcomes in T2D and CHD.

We investigated how proteins like PCSK9, NRPI,
and CD27 interact in T2D and CHD, highlighting their
crucial effects in disease processes. The enrichment
analysis shows that these proteins are involved in lipid
metabolism and vascular regulation, which supports
the proposed ways they may affect disease outcomes.
Recent studies have clarified the effect of PCSK9 in lipid
metabolism, showing how it affects low-density lipopro-
tein (LDL) levels, a core factor in atherosclerosis and
related cardiovascular events [33, 34]. The protein NRP1
is involved in vascular homeostasis and angiogenesis
[32, 35]. These pathways are often disrupted in diabetic
patients, increasing their risk of cardiovascular complica-
tions. Moreover, CD27, a member of the tumor necrosis
factor receptor superfamily, has been linked to immune
system modulation, which may contribute to the chronic
inflammation observed in T2D and its association with
cardiovascular diseases [36, 37]. The convergence of these
pathways and the identification of novel therapeutic tar-
gets carry substantial significance for future research. As
research progresses, the identification of novel therapeu-
tic targets will be crucial in developing effective interven-
tions that can improve patient outcomes across various
medical disciplines. This multifaceted approach may pave
the way for the development of innovative pharmaco-
logical treatments that not only lower blood glucose lev-
els but also modulate the activities of PCSK9 and other
related proteins, thereby improving lipid profiles and
enhancing vascular function. Gaining a deeper under-
standing of the biological factors that underpin these
associations will enable us to devise targeted interven-
tions that address both glucose control and cardiovas-
cular risk factors, ultimately leading to improved patient
management and better health outcomes.

By utilizing the DGIdb database, we identified poten-
tial drug candidates that could lead to innovative thera-
peutic interventions for T2D and CHD. We discovered
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32 potential drugs, such as established antihypertensive
and cholesterol-lowering agents like alirocumab and
aliskiren, along with nine previously unreported drugs
like cytidine-3'-monophosphate, which underscores the
versatility of our findings [30, 38, 39]. Research indicates
that PCSK9 inhibitors, like alirocumab and evolocumab,
significantly reduce low-density lipoprotein cholesterol
(LDL-C) and cardiovascular risk in people with diabe-
tes [40]. Consequently, these findings support the idea
that targeting PCSK9 may offer dual benefits: improving
glycemic control and reducing cardiovascular morbid-
ity. This dual action is particularly important because
many individuals suffer from both T2D and CHD, which
complicates treatment plans and makes optimal man-
agement difficult [41, 42]. The intricate association
between nucleotide metabolism, particularly focusing
on cytidine-3'-monophosphate, glucose metabolism, and
cardiovascular health necessitates further exploration.
As indicated in prior research, nucleotide metabolism
is not only pivotal for cellular signaling but also plays a
significant role in energy homeostasis, which is crucial
in the context of metabolic disorders such as T2D and
CHD [43]. Previous studies have found that inhibitors
of cytidine-3'-monophosphate can bind to the active site
of ribonuclease, thereby altering the structure and some
characteristics and functions of the enzyme. This will
evidently affect energy metabolism, gene expression, and
protein modification, and the diseases related to this are
likely its potential indications, further confirming the
possibility of cytidine-3’'-monophosphate as a potential
drug [44]. Emerging evidence suggests that alterations in
nucleotide levels, including cytidine-3'-monophosphate,
may influence the regulation of key metabolic pathways
involved in glucose homeostasis. For instance, studies
have demonstrated that nucleotide metabolism can affect
insulin signaling pathways, thereby impacting glucose
uptake and utilization in peripheral tissues. This dysregu-
lation is often observed in T2D, where insulin resistance
is a hallmark feature [45]. These factors are essential in
the pathophysiology of both T2D and CHD [46]. Apply-
ing these findings in clinical practice could result in more
tailored treatment approaches. It is regrettable that there
is still relatively little research on cytidine 3-monophos-
phate, and this drug has not yet been approved by the
FDA. Future studies must assess the efficacy and safety
of these candidate drugs in clinical settings. This will help
ensure that our findings lead to practical applications
that improve the health of patients with T2D who are
at risk for CHD. In summary, the biochemical pathways
governed by cytidine-3'-monophosphate and its interac-
tion with glucose metabolism represent a promising area
of research.

This study combines a comprehensive approach to pro-
teomics research with advanced ML techniques, detailed
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MR analysis, and traditional epidemiological statisti-
cal methods to create a strong framework for investiga-
tion. Additionally, it uses various datasets from multiple
sources along with individual data, enhancing the analy-
sis's depth and breadth. Finally, the study employs strict
inclusion and exclusion criteria and clearly defined cut-
off values, ensuring that the findings are both reliable and
relevant. This study has several limitations to consider.
Firstly, although the sample size was relatively large, it
may not fully represent the entire population of individu-
als with T2D. This limitation could affect the generaliz-
ability of our results. Additionally, differences between
datasets may lead to batch effects, which complicate
data integration and impact the robustness of our con-
clusions. Thirdly, the plasma proteins used for analysis
may also have certain limitations, such as: the protein
content exists within a dynamic range, which is influ-
enced by factors like age and gender, and the impact of
extreme dynamic ranges on results cannot be completely
ruled out; during protein detection, the high-abundance
proteins that dominate plasma may affect the detection
of low-abundance proteins; the impact of protein modi-
fication events on protein abundance; and the effects
of pre-analytical variability such as sample collection,
processing time, storage conditions, and whether the
samples have been contaminated on protein detection.
Finally, without independent clinical validation assess-
ments, we cannot clearly establish the clinical utility of
the predictive model created in this study. In the future, if
conditions allow, it may be possible to create a dataset by
collecting clinical data to further validate the predictive
model.

In conclusion, this research identifies multiple proteins
associated with T2D and constructs an effective model to
predict CHD occurrence in T2D patients. These findings
offer valuable insights for early identification and inter-
vention strategies in clinical practice, which may lead to
better health outcomes for patients. Additionally, this
study further investigates the effects and mechanisms of
the identified proteins in relation to T2D and CHD, and
proposes potential drug candidates for managing these
comorbidities. Future research should concentrate on
validating these proteins in clinical settings and explor-
ing their effects in personalized treatment approaches.
Ultimately, this may enhance the management of T2D
and its related cardiovascular issues by enabling disease
prevention before onset, facilitating early intervention for
serious illnesses, and supporting the co-management of
multiple diseases.

Abbreviations

T2D Type 2 diabetes

CHD Coronary heart disease
UKB UK Biobank

BMI Body mass index



Li et al. Cardiovascular Diabetology (2025) 24:120

ML Machine learning

MR Mendelian randomization

HR Hazard Ratio

OR Odds Ratio

ROC Receiver Operating Characteristic
AUC Area Under ROC Curve

C-Index  Concordance Index

DCA Decision curve analysis

cl Confidence interval

GWAS Genome-wide association study
VW Inverse variance weighted

Vs Instrumental variables

LD Linkage disequilibrium

pQTL Protein quantitative trait loci

GO Gene Ontology

KEGG Kyoto Encyclopedia of Genes and Genomes

Supplementary Information
The online version contains supplementary material available at https://doi.or
g9/10.1186/512933-025-02670-3.

Supplementary Material 1.
Supplementary Material 2.
Supplementary Material 3.
Supplementary Material 4.
Supplementary Material 5.

Supplementary Material 6.

Supplementary Material 7.

Acknowledgements

This study was conducted using the UK Biobank resource (application 79095).
We want to express our sincere thanks to the participants of the UK Biobank,
and the members of the survey, development, and management teams of this
project.

Author contributions

YL: Formal analysis, Methodology, Software, Visualization, Writing—original
draft. DL: Investigation, Methodology, Writing—review & editing. JL: Validation.
LZ: Validation. WY: Validation. XY: Writing—review & editing. CX: Data curation,
Funding acquisition. ZC: Conceptualization, Investigation, Methodology,
Project administration, Writing—review & editing. YW: Conceptualization,
Funding acquisition, Investigation, Project administration, Writing—review &
editing.

Funding

This work was supported by Special Program of the National Natural Science
Foundation of China (72342017) and Major Science and Technology Project
of Public Health in Tianjin (No. 21ZXGWSY00090) and Scientific Research
Foundation for Scholars of HZNU (No.4265C50221204119).

Availability of data and materials

The datasets analyzed in this study are from: 1. UK Biobank (https://www

.ukbiobank.ac.uk/); 2. Icelandic database (https://www.decode.com/sum

marydata/) (accession nos. PMID: 34857953); 3. FinnGen consortium (http
s://www.finngen.fi/en/access_results) (accession nos. finngen_R11_T2D;

finngen_R11_I9_CHD).

Declarations

Ethics approval and consent to participate

This study was conducted in accordance with the principles outlined in

the Declaration of Helsinki. UK Biobank has ethics approval from the North
West Multi-Centre Research Ethics Committee (11/NW/0382). Appropriate
informed consent was obtained from participants, and ethical approval was

Page 12 of 13

covered by the UK Biobank. This research has been conducted using the UK
Biobank Resource under project number 79095.

Competing interests
The authors declare no competing interests.

Author details

1School of Public Health, Tianjin Medical University, Tianjin 300070, China
“General Hospital of Tianjin Medical University, Tianjin 300052, China
3School of Integrative Medicine, Public Health Science and Engineering
College, Tianjin University of Traditional Chinese Medicine, Tianjin
301617, China

“School of Public Health, Hangzhou Normal University,

Hangzhou 311121, China

Department of Psychiatry, Sir Run Run Shaw Hospital, Zhejiang
University School of Medicine, Hangzhou 310016, China

®National Institute of Health Data Science at Peking University, Peking
University, Beijing 100191, China

Received: 19 January 2025 / Accepted: 3 March 2025
Published online: 14 March 2025

References

1. Magliano DJ, Chen L, Morton JI, Salim A, Carstensen B, Gregg EW, Pavkov
ME, Arffman M, Colhoun HM, Ha KH, Imamura T. Trends in the incidence of
young-adult-onset diabetes by diabetes type: a multi-national population-
based study from an international diabetes consortium. Lancet Diabet
Endocrinol. 2024;12(12):915-23.

2. LuX Xie Q Pan X, Zhang R, Zhang X, Peng G, Zhang Y, Shen S, Tong N. Type
2 diabetes mellitus in adults: pathogenesis, prevention and therapy. Signal
Transduct Target Ther. 2024;9(1):262.

3. Ferrannini G, Tuomilehto J, De Backer G, Kotseva K, Mellbin L, Schnell O, Wood
D, De Bacquer D, Rydén L. Dysglycaemia screening and its prognostic impact
in patients with coronary artery disease: experiences from the EUROASPIRE IV
and V cohort studies. Lancet Diabetes Endocrinol. 2024;12(11):790-8.

4. Tan C, Williams Z, Islam MA, Kelly R, Esgin T, Ekinci El. Interventions for
aboriginal and Torres strait Islander people with type 2 diabetes that modify
its management and cardiometabolic risk factors: a systematic review. Med J
Aust. 2024. https://doi.org/10.5694/mja5692.52508.

5. Neeland I, Lim S, Tchernof A, Gastaldelli A, Rangaswami J, Ndumele CE,
Powell-Wiley TM, Després J-P. Metabolic syndrome. Nat Rev Dis Primers.
2024,10(1):77.

6. Kelly RJ, Macniven R, Churilov L, Morris MJ, O'Neal D, Ekinci El. Physical activity
interventions to prevent and manage type 2 diabetes in aboriginal and Torres
Strait Islander people: a systematic review. Med J Aust. 2024,221(9):486-90.

7. BachaF, Hannon TS, Tosur M, Pike JM, Butler A, Tommerdahl KL, Zeitler PS.
Pathophysiology and Treatment of Prediabetes and Type 2 Diabetes in Youth.
Diabetes Care. 2024;47(12):2038-49.

8. Jastreboff AM, le Roux CW, Stefanski A, Aronne LJ, Halpern B, Wharton S, Wild-
ing JPH, Perreault L, Zhang S, Battula R, et al. Tirzepatide for obesity treatment
and diabetes prevention. N Engl J Med. 2024. https://doi.org/10.1056/NEJMo
a2410819.

9. WuX,Ying H,Yang Q Yang Q, Liu H, Ding Y, Zhao H, Chen Z, Zheng R, Lin
H, et al. Transcriptome-wide Mendelian randomization during CD4+ T cell
activation reveals immune-related drug targets for cardiometabolic diseases.
Nat Commun. 2024;15(1):9302.

10.  Schéneberg T. Modulating vertebrate physiology by genomic fine-tuning of
GPCR functions. Physiol Rev. 2025;105(1):383-439.

11. Cahill LE, Warren RA, Carew AS, Levy AP, Sapp J, Samuel M, Selvin E, Lavallée
SK, Poulter N, Marre M, et al. Haptoglobin phenotype and intensive glycemic
control for coronary artery disease risk reduction in people with type 2 diabe-
tes: the ADVANCE study. Diabetes Care. 2024,47(5):835-43.

12. Topol EJ. The revolution in high-throughput proteomics and Al. Science.
2024;385(6716):eads5749.

13. Zheng, LiJ,LiY,Wang J, Suo C, Jiang ¥, Jin L, Xu K, Chen X. Plasma
proteomic profiles reveal proteins and three characteristic pat terns
associated with osteoporosis: a prospective cohort study. J Adv Res.
2024,52090-1232:00474-1470.


https://doi.org/10.1186/s12933-025-02670-3
https://doi.org/10.1186/s12933-025-02670-3
https://www.ukbiobank.ac.uk/
https://www.ukbiobank.ac.uk/
https://www.decode.com/summarydata/
https://www.decode.com/summarydata/
https://www.finngen.fi/en/access_results
https://www.finngen.fi/en/access_results
https://doi.org/10.5694/mja5692.52508
https://doi.org/10.1056/NEJMoa2410819
https://doi.org/10.1056/NEJMoa2410819

Li et al. Cardiovascular Diabetology

20.

22.

23.

24,

25,

26.

27.

28.

29.

30.

31.

(2025) 24:120

Larsson SC, Butterworth AS, Burgess S. Mendelian randomization

for cardiovascular diseases: principles and applications. Eur Heart J.
2023/44(47):4913-24.

Allen NE, Lacey B, Lawlor DA, Pell JP, Gallacher J, Smeeth L, Elliott P, Matthews
PM, Lyons RA, Whetton AD, et al. Prospective study design and data analysis
in UK Biobank. Sci Transl Med. 2024;16(729):eadf4428.

Ferkingstad E, Sulem P, Atlason BA, Sveinbjornsson G, Magnusson M, Styr-
misdottir EL, Gunnarsdottir K, Helgason A, Oddsson A, Halldorsson BV, et al.
Large-scale integration of the plasma proteome with genetics and disease.
Nat Genet. 2021;53(12):1712.

Kurki MI, Karjalainen J, Palta P, Sipila TP, Kristiansson K, Donner KM, Reeve MP,
Laivuori H, Aavikko M, Kaunisto MA, et al. FinnGen provides genetic insights
from a well-phenotyped isolated population. Nature. 2023;613(7944):508-18.
Sun BB, Chiou J, Traylor M, Benner C, Hsu Y-H, Richardson TG, Surendran

P, Mahajan A, Robins C, Vasquez-Grinnell SG, et al. Plasma proteomic
associations with genetics and health in the UK Biobank. Nature.
2023,622(7982):329-38.

Szklarczyk D, Kirsch R, Koutrouli M, Nastou K, Mehryary F, Hachilif R, Gable
AL, Fang T, Doncheva NT, Pyysalo S, Bork P. The STRING database in 2023:
protein—protein association networks and functional enrichment analyses for
any sequenced genome of interest. Nucl Acids Res. 2023;51(D1):D638-46.
Verbanck M, Chen C-Y, Neale B, Do R. Detection of widespread horizontal
pleiotropy in causal relationships inferred from Mendelian randomization
between complex traits and diseases. Nat Genet. 2018;50(5):693-8.

Si'S, LiuH, Xu L, Zhan S. Identification of novel therapeutic targets for chronic
kidney disease and kidney function by integrating multi-omics proteome
with transcriptome. Genome Med. 2024;16(1):84.

Cannon M, Stevenson J, Stahl K, Basu R, Coffman A, Kiwala S, McMichael JF,
Kuzma K, Morrissey D, Cotto K, et al. DGIdb 5.0: rebuilding the drug-gene
interaction database for precision medicine and drug discovery platforms.
Nucl Acids Res. 2024;52(D1):D1227-35.

SunY, LiY, Ding X, Xu P, Jing X, Cong H, Hu H, Yu B, Xu F-J. An NIR-responsive
hydrogel loaded with polydeoxyribonucleotide nano-vectors for enhanced
chronic wound healing. Biomaterials. 2025;314:122789.

Chowdhary A, Thirunavukarasu S, Joseph T, Jex N, Kotha S, Giannoudi M,
Procter H, Cash L, Akkaya S, Broadbent D, et al. Liraglutide improves myocar-
dial perfusion and energetics and exercise tolerance in patients with type 2
diabetes. J Am Coll Cardiol. 2024;84(6):540-57.

Christodoulou A, Nikolaou P-E, Symeonidi L, Katogiannis K, Pechlivani L,
Nikou T, Varela A, Chania C, Zerikiotis S, Efentakis P, et al. Cardioprotective
potential of oleuropein, hydroxytyrosol, oleocanthal and their combina-
tion: unravelling complementary effects on acute myocardial infarction and
metabolic syndrome. Redox Biol. 2024;76:103311.

Crane JD, Joy G, Knott KD, Augusto JB, Lau C, Bhuva AN, Seraphim A, Evain T,
Brown LAE, Chowdhary A, et al. The impact of bariatric surgery on coronary
microvascular function assessed using automated quantitative perfusion
CMR. JACC Cardiovasc Imaging. 2024;17(11):1305-16.

Marston NA, Pirruccello JP, Melloni GEM, Kamanu F, Bonaca MP, Giugliano
RP, Scirica BM, Wiviott SD, Bhatt DL, Steg PG, et al. Clonal hematopoiesis,
cardiovascular events and treatment benefit in 63,700 individuals from five
TIMI randomized trials. Nat Med. 2024,30(9):2641-7.

McClintick DJ, O'Donoghue ML, De Ferrari GM, Ferreira J, Ran XH, Im K,
Elliott-Davey M, Wang B, Monsalvo ML, Atar D, et al. Long-term efficacy of
evolocumab in patients with or without multivessel coronary disease. J Am
Coll Cardiol. 2024;83(6):652-64.

Gibson CM, Duffy D, Bahit MC, Chi G, White H, Korjian S, Alexander JH, Lincoff
AM, Heise M, Kingwell BA, Nicolau JC. Apolipoprotein Al infusions and
cardiovascular outcomes in acute myocardial infarction according to baseline
LDL-cholesterol levels: the AEGIS-II trial. Eur Heart J. 2024,45(47):5023-38.
Zahger D, Schwartz GG, Du W, Szarek M, Bhatt DL, Bittner VA, Budaj AJ, Diaz
R, Goodman SG, Jukema JW, et al. Triglyceride levels, alirocumab treatment,
and cardiovascular outcomes after an acute coronary syndrome. J Am Coll
Cardiol. 2024;84(11):994-1006.

Li D, Yang K, Li J, Xu X, Gong L, Yue S, Wei H, Yue Z, Wu Y, Yin S. Single-cell
sequencing reveals glial cell involvement in development of neuropathic
pain via myelin sheath lesion formation in the spinal cord. J Neuroinflamm.
2024,21(1):213.

32

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45.

46.

Page 13 of 13

LiuT, Zhang J, Chang F, Sun M, He J, Ai D. Role of endothelial Raptor in abnor-
mal arteriogenesis after lower limb ischaemia in type 2 diabetes. Cardiovasc
Res. 2024;120(10):1218-34.

Schmidt AF, Swerdlow DI, Holmes MV, Patel RS, Fairhurst-Hunter Z, Lyall DM,
Hartwig FP, Horta BL, Hypponen E, Power C, et al. PCSK9 genetic variants and
risk of type 2 diabetes: a Mendelian random isation study. Lancet Diabetes
Endocrinol. 2017;5(2):97-105.

Banach M, Reiner Z, Surma S, Bajraktari G, Bielecka-Dabrowa A, Bunc M, Bytyci
I, Ceska R, Cicero AF, Dudek D, Dyrbus K. 2024 recommendations on the opti-
mal use of lipid-lowering therapy in established atherosclerotic cardiovascu-
lar disease and following acute coronary syndromes: a position paper of the
international lipid expert panel (ILEP). Drugs. 2024;4:1-37. https://doi.org/10.
1007/540265-40024-02105-40265.

Xing M, Chen W, JiY, Song W. SLC44A2-mediated phenotypic switch of
vascular smooth muscle cells contributes to aortic aneurysm. J Clin Invest.
2024;134(16):2183527.

Gibson A, Ram R, Gangula R, Li Y, Mukherjee E, Palubinsky AM, Campbell CN,
Thorne M, Konvinse KC, Choshi P, et al. Multiomic single-cell sequencing
defines tissue-specific responses in Stevens—Johnson syndrome and toxic
epidermal necrolysis. Nat Commun. 2024;15(1):8722.

Gorgulho J, Loosen SH, Masood R, Giehren F, Pagani F, Buescher G, Kocheise
L, JoergV, Schmidt C, Schulze K, et al. Soluble and EV-bound CD27 act as
antagonistic biomarkers in patients with solid tumors undergoing immuno-
therapy. J Exp Clin Cancer Res. 2024;43(1):298.

Gunawardhana KL, Hong L, Rugira T, Uebbing S, Kucharczak J, Mehta S,
Karunamuni DR, Cabera-Mendoza B, Gandotra N, Scharfe C, et al. A systems
biology approach identifies the role of dysregulated PRDM6 in the develop-
ment of hypertension. J Clin Invest. 2023;133(4):e160036.

Dewan P, Ferreira JP, Butt JH, Petrie MC, Abraham WT, Desai AS, Dickstein K,
Keber L, Packer M, Rouleau JL, et al. Impact of multimorbidity on mortality

in heart failure with reduced ejection fraction: which comorbidities matter
most? An analysis of PARAD IGM-HF and ATMOSPHERE. Eur J Heart Fail.
2023;25(5):687-97.

Ray KK, Colhoun HM, Szarek M. Effects of alirocumab on cardiovascular

and metabolic outcomes after acute coronary syndrome in patients with

or without diabetes: a prespecified analysis of the ODYSSEY OUTCOMES
randomised controlled trial (vol 7, pg 618, 2019). Lancet Diabetes Endo.
2019;7(9):E21-E21.

Mordi IR, Li I, George G, McCrimmon RJ, Palmer CN, Pearson ER, Lang CC,
Doney AS. Incremental prognostic value of a coronary heart disease poly-
genic risk score in type 2 diabetes. Diabetes Care. 2024;47(12):2223-9.
ZhangY,YuS,Chen Z, Liu H, Li H, Long X, Ye F, Luo W, Dai Y, Tu S, Chen W.
Gestational diabetes and future cardiovascular diseases: associations by sex-
specific genetic data. Eur Heart J. 2024;45(48):5156-67.

Brito EC, Vimaleswaran KS, Brage S, Andersen LB, Sardinha LB, Wareham

NJ, Ekelund U, Loos RJF, Franks PW. PPARGC1A sequence variation and
cardiovascular risk-factor levels: a study of the main genetic effects and gene
x environment interactions in children from the European youth heart study.
Diabetologia. 2009;52(4):609-13.

Meadows DH, Jardetzky O. Nuclear magnetic resonance studies of the struc-
ture and binding sites of enzymes. IV. Cytidine 3-monophosphate binding to
ribonuclease. Proc Natl Acad Sci USA. 1968:61(2):406-13.

Zeng X, Wang Y, Farias K, Rappa A, Darko C, Sauve A, Huang Q, Alonso LC,
Yang Y. NRH, a potent NAD+ enhancer, improves glucose homeostasis and
lipid metabolism in diet-induced obese mice through an active adenosine
kinase pathway. Metabolism. 2025;164:156110.

Sprinkles JK, Lulla A, Hullings AG, Trujillo-Gonzalez |, Klatt KC, Jacobs DR Jr,
Shah RV, Murthy VL, Howard AG, Gordon-Larsen P, et al. Choline metabolites
and 15-year risk of incident diabetes in a prospective cohort of adults: coro-
nary artery risk development in young adult s (CARDIA) study. Diabetes Care.
2024;47(11):1985-94.

Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://doi.org/10.1007/s40265-40024-02105-40265
https://doi.org/10.1007/s40265-40024-02105-40265

	﻿Proteomic signatures of type 2 diabetes predict the incidence of coronary heart disease
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Population and study design
	﻿Proteomic profiling
	﻿Diagnosis of T2D and CHD
	﻿Additional data
	﻿Statistical analyses
	﻿Identification of core proteins for T2D
	﻿Cox proportional hazards model
	﻿MR analysis
	﻿Prediction model construction and evaluation
	﻿Mediation analysis
	﻿Protein–protein interaction and enrichment analysis
	﻿Drug prediction


	﻿Results


