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Abstract
Background  Although some studies have examined the association between the triglyceride glucose-body mass 
index (TyG-BMI) and cardiovascular outcomes in the cardio-renal-metabolic (CRM) background, none have explored 
its role in the progression of CRM multimorbidity. In addition, prior research is limited by small sample sizes and a 
failure to account for the competitive effects of other CRM diseases.

Methods  In this study, data obtained from the large-scale, prospective UK Biobank cohort were used. CRM 
multimorbidity was defined as the new-onset of ischemic heart disease, type 2 diabetes mellitus, or chronic kidney 
disease during follow-up. Multivariable Cox regression was used to analyse the independent association between 
TyG-BMI and each CRM multimorbidity (first, double, or triple CRM diseases). The C-statistic was calculated for each 
model, and a restricted cubic spline was applied to assess the dose–response relationship. A multi-state model 
was used to investigate the association between TyG-BMI and the trajectory of CRM multimorbidity (from baseline 
[without CRM disease] to the first CRM disease, the first CRM disease to double disease, and double disease to triple 
disease), with disease-specific analyses.

Results  This study included 349,974 participants, with a mean age of 56.05 (standard deviation [SD], 8.08), 55.93% 
of whom were female. Over a median follow-up of approximately 14 years, 56,659 (16.19%) participants without 
baseline CRM disease developed at least one CRM disease, including 8451 (14.92%) who progressed to double CRM 
disease and 789 (9.34%) who further developed triple CRM disease. In the crude model, each SD increase in TyG-BMI 
was associated with a 47% higher risk of the first CRM disease, a 72% higher risk of double CRM disease, and a 95% 
higher risk of triple CRM disease, with C-statistics of 0.625, 0.694, and 0.764, respectively. Multi-state model analysis 
showed a 32% increased risk of new CRM disease, a 24% increased risk of progression to double CRM disease, and a 
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Introduction
Cardio-renal-metabolic (CRM) conditions share com-
mon underlying mechanisms and they frequently coexist 
[1–5]. These conditions interact at the pathophysiological 
level, creating a detrimental cycle that accelerates disease 
progression. As individuals accumulate diagnoses over 
time, multimorbidity tends to develop sequentially, lead-
ing to increasing incidence of multi-organ dysfunction 
and adverse cardiovascular outcomes [5, 6]. Therefore, 
understanding the accumulation of diseases over time 
and identifying key factors associated with this process is 
crucial.

The triglyceride glucose (TyG) index, which is a surro-
gate marker of insulin resistance (IR), has been shown to 
correlate with the occurrence and prognosis of fatal and 
non-fatal cardiovascular diseases (CVD) [7–11]. Previous 
studies, including our own, reported that combining the 

TyG index with obesity-related indicators such as body 
mass index (BMI) enhances the effectiveness of IR assess-
ment and improves the ability to predict related health 
outcomes [12–15].

Previous studies which primarily focused on the asso-
ciation between the TyG index (or obesity-related indi-
cators) and CVD outcomes within the context of CRM 
have typically examined a single trajectory (i.e., from the 
absence to the presence of disease). However, no stud-
ies have explored the role of the TyG-BMI index in the 
progression of CRM multimorbidity, which includes 
transitions from no CRM disease to the first CRM dis-
ease (newly diagnosed CVD, type 2 diabetes [T2DM] 
or chronic kidney disease [CKD]), followed by further 
progression to double or triple CRM diseases (the pres-
ence of any two or all three conditions). This definition 
has been referenced in previous literature [4, 6, 16]. 

23% increased risk of further progression for those with double CRM diseases. TyG-BMI was significantly associated 
with the onset of all individual first CRM diseases (except for stroke) and with the transition to double CRM disease. 
Significant interactions were also observed, but TyG-BMI remained significantly associated with CRM multimorbidity 
across subgroups. Sensitivity analyses, including varying time intervals for entering states and an expanded CRM 
definition (including atrial fibrillation, heart failure, peripheral vascular disease, obesity, and dyslipidaemia), confirmed 
these findings.

Conclusion  TyG-BMI remarkably influences the onset and progression of CRM multimorbidity. Incorporating it into 
CRM multimorbidity prevention and management could have important public health implications.

Graphical abstract 
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In addition, earlier research has been limited by small 
sample sizes and a failure to account for the competing 
effects of other CRM diseases.

By utilizing a large prospective sample of approxi-
mately 350,000 individuals from the UK Biobank (UKB), 
this study aims to address the abovementioned gaps by 
analysing the association between TyG-BMI and the 
trajectory of CRM multimorbidity through a multi-
state model. The findings of this study will provide new 
insights into the prevention and management of CRM 
multimorbidity.

Methods
Study design
The UKB is a prospective cohort study involving over 
500,000 participants from England, Scotland, and Wales, 
recruited between 2006 and 2010 [17]. Socio-demo-
graphic, medical, and lifestyle information was collected 
through questionnaires, interviews, and health records, 
with physical measurements and biological samples 
obtained using standardized protocols. This study was 
approved by the North West Multicenter Research Eth-
ics Committee, with all participants providing a written 
informed consent. This research was conducted under 
UKB application number 205837.

As shown in Fig. 1A, participants from the UKB cohort 
who had CVD (including ischemic heart disease [IHD] 
and stroke), T2DM or CKD at baseline were excluded 
from the study (n = 63,822). In addition, participants 
with unavailable data for calculating TyG-BMI or for 
the follow-up of new-onset CRM disease were excluded 
(n = 64,504), as well as those missing relevant covariates 
(n = 23,837). Finally, 349,974 participants were included 
in the analysis.

Calculation of TyG-BMI and follow-up for CRM 
multimorbidity
TyG-BMI was defined as the product of the TyG index 
and BMI. The TyG index was calculated as ln [fasting 
plasma glucose (mg/dL) × triglyceride (mg/dL)/2], and 
BMI (kg/m2) was calculated as weight/height2 [18].

The primary outcome of interest was the incidence of 
new-onset CRM multimorbidity amongst participants. 
Outcomes were defined accordance with the Interna-
tional Classification of Diseases, 10th Edition. CRM 
multimorbidity was defined in accordance with previous 
literature [4, 6, 16]. The First CRM disease was defined 
as the first occurrence of any of the following during 
follow-up: CVD (including IHD [I20–I25] and stroke 
[I60–I69]), T2DM (E11) or CKD (N18) [19, 20]. Double 
CRM disease was defined as the occurrence of any two 
of these diseases, and triple CRM disease was defined as 
the occurrence of all three. All participants were followed 
from the date of their consent to join the UKB study until 

the earliest occurrence of an outcome event, loss to fol-
low-up, or the end of the follow-up period.

Covariates
On the basis of previous studies and clinical experi-
ence [21, 22], we included the following covariates were 
included: age, sex, race, education level, Townsend depri-
vation index, smoking status, drinking status, history of 
hypertension, low-density lipoprotein (LDL) cholesterol, 
high-density lipoprotein (HDL) cholesterol, and creati-
nine levels.

Sex was categorized as female and male. Race was cat-
egorized as White European, Mixed, Asian, Black, or 
Other. Education level was classified as high (college or 
university degree, nursing, teaching and others), inter-
mediate (A [advanced]/AS levels or equivalent, O [ordi-
nary] levels/General Certificate of Secondary Education 
or equivalent and Certificate of Secondary Education or 
equivalent), low (National Vocational Qualification or 
Higher National Diploma or equivalent) or other (none 
of the above) [23]. The Townsend deprivation index 
incorporates information on social class, employment, 
car availability, and housing [24]. Smoking and drink-
ing status were categorized as never, previous, or cur-
rent. Hypertension history was defined as self-reported 
doctor-diagnosed hypertension, the current use of anti-
hypertensive medications, or a repeated measurement of 
average systolic blood pressure ≥ 140 mmHg or diastolic 
blood pressure ≥ 90 mmHg.

Statistical analysis
Baseline characteristics were categorized by TyG-BMI 
quartile groups. Continuous variables were reported as 
means ± standard deviations (SD) for normally distrib-
uted variables, or as medians with interquartile ranges for 
skewed variables. Categorical variables were presented as 
numbers and percentages (%). Group differences were 
analysed using analysis of variance, the Kruskal–Wallis H 
test, and chi-square tests.

Multivariable Cox regression was applied to analyse the 
association between TyG-BMI (entered as a continuous 
variable per SD increase) and CRM multimorbidity (first/
double/triple CRM disease), as well as CRM components 
(IHD, stroke, T2DM, and CKD), adjusting for age, sex, 
race, education, Townsend deprivation index, smoking 
and drinking status, hypertension history, LDL choles-
terol, HDL cholesterol, and creatinine. The C-statistic 
was calculated for each model to assess predictive per-
formance. In addition, restricted cubic splines (with four 
knots) were used to visualize the dose–response relation-
ship between TyG-BMI and outcomes.

The multi-state model is an extension of the compet-
ing risk model, which can be used to comprehensively 
understand the effects of risk factors on different disease 
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stages (e.g., progression or prognosis). The methodology 
has been previously described in the literature [19, 25]. 
The multi-state model was used in this study to analyse 
the role of TyG-BMI in the temporal progression of CRM 
multimorbidity, from no CRM disease to first, double, 
and triple CRM diseases. As shown in Fig. 1B, three tran-
sition stages were constructed on the basis of the pro-
gression trajectory of CRM multimorbidity: (1) baseline 
(without CRM disease) to first CRM disease, (2) first to 
double CRM disease, and (3) double to triple CRM dis-
ease. For participants entering different stages on the 

same date, the entry date of the prior stage was defined 
as 0.5 days earlier than the entry date of the subsequent 
stage, which is in line with previous studies [19, 26]. For 
example, the entry date for the first CRM disease was set 
as 0.5 days before the entry date for double CRM disease. 
In secondary analyses, the differential associations of 
TyG-BMI with progression were further examined by the 
subtype of the first CRM disease (IHD, stroke, T2DM, 
and CKD), constructing nine transition paths. The rela-
tive risks of patients transitioning from baseline to each 
individual first CRM disease paths were also compared.

Fig. 1  Study design and criteria. Abbreviations: CKD chronic kidney disease, CRMD cardio-renal-metabolic disease, IHD ischemic heart disease, T2DM type 
2 diabetes mellitus
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Subgroup analyses were conducted to examine whether 
the association between TyG-BMI and CRM multimor-
bidity differed across age groups, sex, race, education 
level, smoking and drinking status, and hypertension his-
tory. Likelihood ratio tests were used to assess interac-
tions [27].

Two sensitivity analyses were performed evaluate 
the stability of the results. Firstly, the entry date of the 
prior state we calculated using different time intervals 
(0.5  years, 1  year, 5  years, or excluded directly) for par-
ticipants entering different states on the same day. Sec-
ondly, the definition of outcomes we expanded to include 
additional cardiac (atrial fibrillation: I48, heart failure: 
I50, peripheral vascular diseases: I70, I73) and meta-
bolic (diabetes: E10-E14, obesity: E66, dyslipidaemia: 
E78) outcomes [19, 28, 29]. After excluding participants 
with these conditions at baseline, relevant analyses were 
repeated.

All analyses were conducted using R (version 4.4.1) 
and Free Statistics software (version 2.0). The multi-state 
model was performed using the “mstate” package. Statis-
tical tests were two-sided, with significance set at P < 0.05.

Results
Baseline characteristics of the participants
As shown in Table 1, this study included 349,974 partici-
pants with a mean age of 56.05 years (SD, 8.08), of whom 
55.93% were female. Compared with participants in the 
lowest quartile of TyG-BMI, those in the highest quartile 
had a lower proportion of individuals with higher edu-
cation levels, a higher Townsend deprivation index and 
potential smoking or alcohol consumption history. They 
also had a higher prevalence of hypertension, higher LDL 
cholesterol, lower HDL cholesterol, and higher creati-
nine levels. During a median follow-up of approximately 
14  years, 56,659 participants (16.19%) developed any 
new CRM disease, 8451 participants (2.41%) developed 
two or more CRM diseases, and 789 participants (0.23%) 
developed all three. As TyG-BMI levels increased, the 
prevalence of CRM multimorbidity and its individual 
components also increased.

Association of TyG-BMI with CRM multimorbidity
As shown in Table  2, in the crude model, for each SD 
increase in TyG-BMI, the risk of developing first, dou-
ble, and triple CRM disease increased by 47%, 72%, and 
95%, respectively. The C-statistics for each model were 
approximately 0.625, 0.694, and 0.764. After adjusting for 
covariates, the association between TyG-BMI and CRM 
multimorbidity remained significant, with a marked 
increase in C-statistics. Dose–response relationship 
between TyG-BMI and CRM multimorbidity was shown 
in Fig.  2. In the crude model, for each SD increase in 
TyG-BMI, the risk of developing IHD, stroke, T2DM, and 

CKD increased by 31%, 13%, 106%, and 40%, respectively, 
with C-statistics of approximately 0.595, 0.541, 0.771, and 
0.612. After adjustment, the association between TyG-
BMI and stroke was no longer significant.

Amongst individuals without any CRM disease at base-
line, 56,659 (16.19%) developed any type of CRM disease, 
with 8451 (14.92%) further progressing to double CRM 
disease, and 789 (9.34%) progressing to triple CRM dis-
ease (Fig. 1B). Multi-state model analysis showed that for 
each SD increase in TyG-BMI, the risk of developing any 
CRM disease from baseline increased by 32% (Table 3). 
Amongst those with any CRM disease, each SD increase 
in TyG-BMI was associated with a 24% increased risk 
of progressing to double CRM disease. For individuals 
with double CRM disease, the risk of further progression 
increased by 23%.

Further secondary analysis revealed that 24,031 par-
ticipants (6.87%) developed first CRM disease as IHD, 
10,463 (2.99%) as stroke, 12,214 (3.49%) as T2DM, and 
9951 (2.84%) as CKD (Fig. 1B). Compared with the tran-
sition from baseline to CKD, the risk of transitioning to 
IHD, stroke, and T2DM was 2.41, 1.05, and 1.23 times 
higher, respectively (Supplementary Table  1). Except 
for stroke, TyG-BMI was significantly associated with 
the occurrence of each individual first CRM disease. 
Amongst those whose first CRM disease was IHD, 3550 
(14.77%) participants developed double CRM disease, 
1109 (10.60%) participants for stroke, 2171 (17.77%) par-
ticipants for T2DM and 1621 (16.29%) participants for 
CKD (Fig.  1B). TyG-BMI was significantly associated 
with the progression of each individual first CRM disease 
to double CRM disease (Table 3).

Subgroup and sensitivity analyses
The results of subgroup analysis are shown in Supple-
mentary Table 2. The interaction effects of TyG-BMI with 
age, race, education level, smoking status, and hyper-
tension history were observed (P for interaction < 0.05). 
However, the association between TyG-BMI and CRM 
multimorbidity remained significant in all subgroups. 
Sensitivity analyses revealed that similar conclusions 
were drawn, whether different time intervals were set for 
participants entering different states on the same day or 
the definition of CRM diseases was expanded (Supple-
mentary Tables 3–5).

Discussion
In this large prospective study, TyG-BMI was signifi-
cantly associated with and predicted the trajectory of 
CRM multimorbidity, including transitions from baseline 
(without CRM disease) to the first CRM disease, from 
the first CRM disease to double CRM disease, and from 
double CRM disease to triple CRM disease. In disease-
specific analyses, TyG-BMI was significantly associated 
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Characteristic Overall 
(N = 349,974)

Quartile 1 
(N = 87,494)

Quartile 2 
(N = 87,493)

Quartile 3 
(N = 87,493)

Quartile 4 
(N = 87,494)

P 
value

TyG-BMI  < 0.001
 Mean (SD) 236.16 (47.13) 183.03 (14.42) 216.53 (7.92) 245.51 (9.27) 299.56 (34.81)
Age, years  < 0.001
 Mean (SD) 56.05 (8.08) 54.55 (8.22) 56.45 (8.06) 56.85 (7.98) 56.35 (7.87)
Sex, n (%)  < 0.001
 Female 195,732 (55.93) 62,606 (71.55) 48,534 (55.47) 40,911 (46.76) 43,681 (49.92)
 Male 154,242 (44.07) 24,888 (28.45) 38,959 (44.53) 46,582 (53.24) 43,813 (50.08)
Race, n (%)  < 0.001
 Asian 6458 (1.85) 1669 (1.91) 1741 (1.99) 1729 (1.98) 1319 (1.51)
 Black 5109 (1.46) 1011 (1.16) 1184 (1.35) 1416 (1.62) 1498 (1.71)
 Mixed 2114 (0.60) 640 (0.73) 512 (0.59) 453 (0.52) 509 (0.58)
 Others 2874 (0.82) 676 (0.77) 684 (0.78) 742 (0.85) 772 (0.88)
 White 333,419 (95.27) 83,498 (95.43) 83,372 (95.29) 83,153 (95.04) 83,396 (95.32)
Education level, n (%)  < 0.001
 High 170,824 (48.81) 49,197 (56.23) 44,186 (50.50) 40,778 (46.61) 36,663 (41.90)
 Intermediate 105,055 (30.02) 25,794 (29.48) 25,890 (29.59) 26,072 (29.80) 27,299 (31.20)
 Low 20,146 (5.76) 3390 (3.87) 4881 (5.58) 5638 (6.44) 6237 (7.13)
 Other 53,949 (15.42) 9113 (10.42) 12,536 (14.33) 15,005 (17.15) 17,295 (19.77)
Townsend deprivation index  < 0.001
 Median (Q1, Q3)  − 2.24 (− 3.69, 0.28)  − 2.30 (− 3.74, 

0.18)
 − 2.39 
(− 3.78, − 0.05)

 − 2.31 (− 3.70, 
0.16)

 − 1.93 (− 3.51, 
0.84)

Smoking status, n (%)  < 0.001
 Current 35,853 (10.24) 9168 (10.48) 8668 (9.91) 8995 (10.28) 9022 (10.31)
 Never 196,399 (56.12) 53,405 (61.04) 50,324 (57.52) 47,278 (54.04) 45,392 (51.88)
 Previous 117,722 (33.64) 24,921 (28.48) 28,501 (32.58) 31,220 (35.68) 33,080 (37.81)
Drinking status, n (%)  < 0.001
 Current 325,314 (92.95) 81,571 (93.23) 81,958 (93.67) 81,589 (93.25) 80,196 (91.66)
 Never 13,608 (3.89) 3227 (3.69) 3090 (3.53) 3278 (3.75) 4013 (4.59)
 Previous 11,052 (3.16) 2696 (3.08) 2445 (2.79) 2626 (3.00) 3285 (3.75)
Hypertension history, n (%)  < 0.001
 No 168,668 (48.19) 58,747 (67.14) 45,850 (52.40) 37,131 (42.44) 26,940 (30.79)
 Yes 181,306 (51.81) 28,747 (32.86) 41,643 (47.60) 50,362 (57.56) 60,554 (69.21)
LDL cholesterol, mmol/L  < 0.001
 Mean (SD) 3.65 (0.83) 3.37 (0.76) 3.65 (0.81) 3.78 (0.84) 3.80 (0.85)
HDL cholesterol, mmol/L  < 0.001
 Mean (SD) 1.47 (0.38) 1.71 (0.39) 1.53 (0.35) 1.39 (0.33) 1.27 (0.29)
Creatinine, μmol/L  < 0.001
 Mean (SD) 71.45 (14.39) 67.09 (12.60) 71.37 (13.97) 73.83 (14.98) 73.51 (14.89)
First CRM disease, n (%)  < 0.001
 No 293,315 (83.81) 79,790 (91.19) 75,837 (86.68) 72,396 (82.74) 65,292 (74.62)
 Yes 56,659 (16.19) 7704 (8.81) 11,656 (13.32) 15,097 (17.26) 22,202 (25.38)
Double CRM disease, n (%)  < 0.001
 No 341,523 (97.59) 86,813 (99.22) 86,194 (98.52) 85,374 (97.58) 83,142 (95.03)
 Yes 8451 (2.41) 681 (0.78) 1299 (1.48) 2119 (2.42) 4352 (4.97)
Triple CRM disease, n (%)  < 0.001
 No 349,185 (99.77) 87,465 (99.97) 87,413 (99.91) 87,315 (99.80) 86,992 (99.43)
 Yes 789 (0.23) 29 (0.03) 80 (0.09) 178 (0.20) 502 (0.57)
New-onset IHD, n (%)  < 0.001
 No 323,176 (92.34) 83,652 (95.61) 81,502 (93.15) 79,927 (91.35) 78,095 (89.26)
 Yes 26,798 (7.66) 3842 (4.39) 5991 (6.85) 7566 (8.65) 9399 (10.74)
New-onset stroke, n (%)  < 0.001
 No 336,777 (96.23) 84,897 (97.03) 84,252 (96.30) 83,953 (95.95) 83,675 (95.64)
 Yes 13,197 (3.77) 2597 (2.97) 3241 (3.70) 3540 (4.05) 3819 (4.36)

Table 1  Characteristics of participants
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with the occurrence of each individual first CRM disease, 
except for stroke. Moreover, TyG-BMI was associated 
with the progression of each individual first CRM disease 
to double CRM disease. Subgroup and sensitivity analy-
ses, including an expanded definition of CRM diseases, 
confirmed the robustness of these findings.

Study review
In general, previous studies have focused on the associa-
tion between TyG and its related derived indicators with 
health outcomes, often examining the association with a 
single trajectory. Few studies have assessed their role in 
the progression of health outcomes, especially in the con-
text of a group of diseases with remarkable mutual inter-
actions. For example, Li et al., based on the China Health 
and Retirement Longitudinal Study with 7376 par-
ticipants (mean age: 59.17 ± 9.28  years; 52.62% female), 
found that in participants with cardiovascular-kidney-
metabolic (CKM) syndrome stages 0–3 (i.e., including 
individuals with or without metabolic risk factors and 
CKD, as defined by the American Heart Association 
[AHA]), each 10-unit increase in TyG-BMI was associ-
ated with a 6.5% higher risk of CVD [21]. Although no 
significant interaction was observed, this association was 
more significant in participants at stages 2 and 3 probably 
because of the smaller sample size. Furthermore, Li et al. 

did not account for the potential competitive relation-
ships and interactions between newly developed CRM 
diseases during disease progression. Based on prospec-
tive large-scale data, this study successfully demonstrated 
the crucial role of TyG-BMI in the occurrence and pro-
gression of CRM diseases using a multi-state model, 
providing strong evidence for the utility of TyG-BMI in 
detecting CRM multimorbidity.

Although similar limitations exist, several previous 
studies have demonstrated the significant associations 
between TyG and new-onset CKD [30–32], the develop-
ment of CVD in patients with CKD [33] and the devel-
opment of CKD in patients with CVD [34]. In addition, 
TyG has been linked to new-onset CVD or CVD-related 
mortality in individuals with DM or metabolic syndrome 
[35–40]. These findings further support the bidirectional 
and causal associations amongst CRM diseases.

Mechanisms
The mechanisms through which hyperglycaemia dam-
ages the cardio-renal system are well-documented. The 
excessive intracellular glucose flux triggers mitochon-
drial superoxide production, which intensifies oxidative 
stress and is thought to be the primary initiating factor 
in diabetes-induced organ damage [5, 41]. The bidirec-
tional interaction between the cardio-renal systems has 

Table 2  Association between TyG-BMI and CRM multimorbidity
Crude model Adjusted model
HR (95% CI) P value C statistic (95% CI) HR (95% CI) P value C statistic (95% CI)

CRM multimorbidity
First CRM disease 1.47 (1.46, 1.48)  < 0.001 0.625 (0.623, 0.627) 1.32 (1.31, 1.33)  < 0.001 0.720 (0.718, 0.722)
Double CRM diseases 1.72 (1.70, 1.75)  < 0.001 0.694 (0.689, 0.700) 1.54 (1.51, 1.57)  < 0.001 0.806 (0.802, 0.810)
Triple CRM diseases 1.95 (1.87, 2.04)  < 0.001 0.764 (0.748, 0.780) 1.79 (1.69, 1.89)  < 0.001 0.872 (0.861, 0.883)
CRM components
IHD 1.31 (1.30, 1.33)  < 0.001 0.595 (0.592, 0.598) 1.13 (1.12, 1.15)  < 0.001 0.712 (0.710, 0.715)
Stroke 1.13 (1.11, 1.14)  < 0.001 0.541 (0.536, 0.546) 1.01 (0.99, 1.03) 0.26 0.718 (0.714, 0.722)
T2DM 2.06 (2.04, 2.08)  < 0.001 0.771 (0.767, 0.775) 1.86 (1.84, 1.89)  < 0.001 0.807 (0.804, 0.810)
CKD 1.40 (1.38, 1.42)  < 0.001 0.612 (0.608, 0.617) 1.28 (1.26, 1.30)  < 0.001 0.782 (0.779, 0.786)
TyG-BMI was entered as a continuous variable per standard deviation increase. The crude model did not account for covariates, while the adjusted model accounted 
for age, sex, race, education, Townsend deprivation index, smoking status, drinking status, hypertension history, LDL cholesterol, HDL cholesterol, and creatinine

CI confidence interval, CRM cardio-renal-metabolic, CKD chronic kidney disease, HR hazard ratio, IHD ischemic heart disease, T2DM type 2 diabetes mellitus, TyG-BMI 
triglyceride glucose-body mass index

Characteristic Overall 
(N = 349,974)

Quartile 1 
(N = 87,494)

Quartile 2 
(N = 87,493)

Quartile 3 
(N = 87,493)

Quartile 4 
(N = 87,494)

P 
value

New-onset T2DM, n (%)  < 0.001
 No 334,887 (95.69) 86,863 (99.28) 85,961 (98.25) 84,196 (96.23) 77,867 (89.00)
 Yes 15,087 (4.31) 631 (0.72) 1532 (1.75) 3297 (3.77) 9627 (11.00)
New-onset CKD, n (%)  < 0.001
 No 336,458 (96.14) 85,731 (97.99) 84,605 (96.70) 83,755 (95.73) 82,367 (94.14)
 Yes 13,516 (3.86) 1763 (2.01) 2888 (3.30) 3738 (4.27) 5127 (5.86)
CRM cardio-renal-metabolic, CKD chronic kidney disease, IHD ischemic heart disease, LDL low-density lipoprotein, HDL high-density lipoprotein, T2DM type 2 
diabetes mellitus, TyG-BMI triglyceride glucose-body mass index

Table 1  (continued) 
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been extensively explored, with hemodynamic distur-
bances, neurohormonal dysfunction, and inflammation 
identified as potential contributors [42, 43]. However, 
the exact mechanism by which CVD and CKD contrib-
ute to metabolic dysregulation remains controversial 
[5]. IR may be a key factor in this context. Previous stud-
ies have shown a bidirectional relationship between IR, 
which is a central metabolic abnormality in T2DM, and 
endothelial dysfunction, which is a common initiating 
event in CVD [44]. IR is also commonly observed in the 
early stages of CKD, potentially driven by chronic inflam-
mation, oxidative stress, and post-translational modi-
fications of signal-transduction proteins. In addition, 
factors such as metabolic acidosis [45], vitamin D defi-
ciency (17,091,124), and metabolic toxins accumulation 
[46] may exacerbate glucose metabolism disturbances in 
patients with CKD. Based on large-scale epidemiological 
data, this study highlights the important role of the TyG-
BMI index, which is a marker of IR, in the progression of 
CRM diseases, providing further insights into the under-
lying mechanisms.

Burden and prevention of CRM multimorbidity
CRM diseases are highly prevalent in the population. 
Based on the National Health and Nutrition Examination 
Survey from January 2015 to March 2020, Ostrominski 
et al. found that more than one-fourth of adults in the 

Table 3  Association between TyG-BMI and the trajectory of CRM 
multimorbidity by multi-state model
Transition HR (95% CI) P 

value
Model 1: Baseline → First CRM disease → Double CRM diseases → Triple 
CRM diseases
 Baseline → First CRM diseases 1.32 (1.31, 1.33)  < 0.001
 First CKM diseases → Double CRM diseases 1.24 (1.21, 1.26)  < 0.001
 Double CKM diseases → Triple CRM 
diseases

1.23 (1.15, 1.31)  < 0.001

Model 2: Baseline → First CRM disease subtypes (IHD, Stroke, T2DM, and 
CKD) → Double CRM diseases → Triple CRM diseases
 Baseline → IHD 1.12 (1.10, 1.14)  < 0.001
 Baseline → Stroke 0.99 (0.97, 1.02) 0.53
 Baseline → T2DM 1.91 (1.89, 1.94)  < 0.001
 Baseline → CKD 1.26 (1.23, 1.29)  < 0.001
 IHD → Double CRM diseases 1.30 (1.26, 1.35)  < 0.001
 Stroke → Double CRM diseases 1.43 (1.34, 1.51)  < 0.001
 T2DM → Double CRM diseases 1.05 (1.01, 1.10) 0.01
 CKD → Double CRM diseases 1.18 (1.13, 1.24)  < 0.001
 Double CRM diseases → Triple CRM 
diseases

1.23 (1.15, 1.31)  < 0.001

TyG-BMI was entered as a continuous variable per standard deviation increase. 
All models were adjusted for age, sex, race, education, Townsend deprivation 
index, smoking status, drinking status, hypertension history, LDL cholesterol, 
HDL cholesterol, and creatinine

CI confidence interval, CRM cardio-renal-metabolic, CKD chronic kidney disease, 
HR hazard ratio, IHD ischemic heart disease, T2DM type 2 diabetes mellitus, TyG-
BMI triglyceride glucose-body mass index

Fig. 2  Dose–response relationship between TyG-BMI and CRM multimor-
bidity using restricted cubic splines. Abbreviations: CRM, cardio-renal-met-
abolic. Only participants with TyG-BMI within the 99.5% upper limit were 
included in the plot. All models were adjusted for age, sex, race, education, 
Townsend deprivation index, smoking status, drinking status, hyperten-
sion history, LDL cholesterol, HDL cholesterol, and creatinine
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United States had a CRM disease, with nearly one in 10 
participants experiencing overlapping CRM diseases [4]. 
Among individuals aged 65 or older, more than half had 
at least one CRM disease, and nearly one-fourth exhib-
ited overlapping diseases. The prevention and manage-
ment of CRM diseases are crucial. As shown in previous 
research by Zhang et al., maintaining a healthy lifestyle 
(encompassing a balanced diet, limited alcohol consump-
tion, smoking cessation, regular physical activity, reduced 
sedentary behaviour, adequate sleep, and strong social 
connections) can slow the progression of CRM diseases 
[6]. Furthermore, the use of novel glucose-lowering med-
ications with cardiovascular and renal benefits has been 
shown to be advantageous.

Highlights and limitations
The current study holds important public health implica-
tions. By using a multi-state model, the role of TyG-BMI 
in the onset and progression of CRM multimorbidity has 
been demonstrated. Apart from providing strong vali-
dation of previous research, our findings also offer new 
insights for the prevention and management of CRM 
diseases. However, several limitations should be consid-
ered. Firstly, given the observational nature of this study 
and the potential impact of confounding factors, causal 
inferences should be made with caution. Secondly, con-
sidering that the sample is derived from a European pop-
ulation, further research in more diverse populations is 
necessary. Thirdly, the participants from the UKB tend 
to be healthier and have higher education levels, and the 
self-reported nature of some study covariates may intro-
duce selection bias [47]. Fourthly, this study focuses more 
on the overlapping conditions of CVD, T2D, and CKD, 
rather than the CKM syndrome as defined by AHA. This 
relatively simpler definition has been widely used in pre-
vious studies. Despite its advantages with regard to clini-
cal convenience and speed, it lacks a certain degree of 
precision. Furthermore, given the large sample size of 
the UKB (500,000 participants), conducting long-term 
dynamic assessments of various clinical and labora-
tory indicators to accurately determine the progression 
of CKM syndrome stages throughout participants’ life 
course is challenging and unrealistic. However, future 
research should aim to address this limitation.

Conclusions
Our study demonstrates that TyG-BMI plays a crucial 
role in the onset and progression of CRM multimorbid-
ity. As a sensitive marker of metabolic health, TyG-BMI 
may facilitate the early identification of individuals at 
high risk and identify targeted prevention and manage-
ment strategies. Incorporating TyG-BMI into public 
health interventions could help mitigate the burden of 
CRM multimorbidity and improve long-term health 

outcomes. Thus, further research is warranted to evalu-
ate its applicability across diverse populations and assess 
its integration into clinical practice and health policies.

Supplementary Information
The online version contains supplementary material available at ​h​t​t​p​s​:​​​/​​/​d​o​​i​.​​o​r​​
g​​/​​1​0​​.​1​1​​​8​6​​/​s​1​2​​9​3​3​-​​0​2​5​-​0​​2​6​9​3​-​w.

Additional file1 (DOCX 36 kb)

Acknowledgements
We would like to express our gratitude to the participants in the study, as well 
as to the members of the survey, project development, and management 
teams from the UK Biobank.

Author contributions
Conceptualization: H.T., J.H., Y.C.; Data Management and Analysis: H.T., JT.H., 
X.Z.; Figure Creation: H.T., X.Z., X.C., Q.Y.; Writing-Original Draft Preparation: H.T., 
JT.H., X.Z., X.C., Q.L., N.L., H.L., JN.H., S.W.; Writing-Review and Editing: JN.H., S.W., 
C.T, M.L., J.W., P.C., L.J., Y.Z.; Provided Critical Revisions to the Manuscript: K.Y., 
X.T., Y.C.; Project Management: K.Y., X.T., Y.C.

Funding
This research was supported by 2020 Li Ka Shing Foundation Cross-
Disciplinary Research Grant (No. 2020LKSFG19B), “Dengfeng Project” for 
the construction of high-level hospitals in Guangdong Province—the First 
Affiliated Hospital of Shantou University Medical College (No. 2020), Science 
and Technology project in Guangdong Province (No. 2021010303), Provincial 
Science and Technology Special Fund of Guangdong in 2021 (No. 2021-
88-53), Provincial Science and Technology Special Fund of Guangdong in 
2022 (No. 2022-124-6), Fund from National Health Commission Medical and 
Health Science and Technology Development and Research Center (No. 
WKZX2022JG0138), Innovation Team Project of Guangdong Universities, 
China (Natural, No. 2024KCXTD019), Grant for Key Disciplinary Project of 
Clinical Medicine under the High-level University Development Program, 
Guangdong, China (No. 2024-2025), and National Health Commission Hospital 
Management Research 2023 Medical Quality (Evidence-based) Management 
Research Project (No. YLZLXZ23G121).

Data availability
The dataset supporting the conclusions of this article is available in the public 
UK Biobank Resource (www.ukbiobank.ac.uk/). This research was conducted 
using data from the UK Biobank Resource under application number [205837].

Declarations

Ethical approval and consent to the participate
The UK Biobank was approved by the North West Multicenter Research 
Ethics Committee, with all participants providing written informed consent. 
Ethical approval and informed consent were waived as the UK Biobank data is 
publicly available and does not include identifiable information.

Competing interests
The authors declare no competing interests.

Author details
1Shantou University Medical College, Shantou, Guangdong, China
2Department of Cardiology, The First Affiliated Hospital of Shantou 
University Medical College, No. 57 Changping Road, Shantou 515000, 
Guangdong, China
3Department of Sports Medicine and Rehabilitation, Peking University 
Shenzhen Hospital, Shenzhen, Guangdong, China
4Department of Bone and Joint Surgery, Peking University Shenzhen 
Hospital, Shenzhen, Guangdong, China
5Department of Endocrine and Metabolic Diseases, The First Affiliated 
Hospital of Shantou University Medical College, Shantou, Guangdong, 
China

https://doi.org/10.1186/s12933-025-02693-w
https://doi.org/10.1186/s12933-025-02693-w
http://www.ukbiobank.ac.uk/


Page 10 of 11Tang et al. Cardiovascular Diabetology          (2025) 24:133 

6Department of Urology, The Second Affiliated Hospital of Shantou 
University Medical College, Shantou, Guangdong, China
7Department of Psychiatry, Shantou University Mental Health Center, 
Shantou, Guangdong, China
8Department of Cardiology, Jiexi People’s Hospital, Jieyang, Guangdong, 
China
9Department of Medical Quality Management, The First Affiliated Hospital 
of Shantou University Medical College, Shantou, Guangdong, China
10Human Phenome Institute of Shantou University Medical College, 
Guangdong Engineering Research Centre of Human Phenome, 
Chemistry and Chemical Engineering Guangdong Laboratory,  
Shantou 515063, Guangdong, China
11Clinical Research Center, The First Affiliated Hospital of Shantou 
University Medical College, No. 57 Changping Road, Shantou 515000, 
Guangdong, China

Received: 10 March 2025 / Accepted: 17 March 2025

References
1.	 Sebastian SA, Padda I, Johal G. Cardiovascular-kidney-metabolic (CKM) 

syndrome: a state-of-the-art review. Curr Probl Cardiol. 2024;49: 102344.
2.	 Ndumele CE, Rangaswami J, Chow SL, Neeland IJ, Tuttle KR, Khan SS, et al. 

Cardiovascular-kidney-metabolic health: a presidential advisory from the 
American Heart Association. Circulation. 2023;148:1606–35.

3.	 Ndumele CE, Neeland IJ, Tuttle KR, Chow SL, Mathew RO, Khan SS, et al. 
A synopsis of the evidence for the science and clinical management of 
cardiovascular-kidney-metabolic (CKM) syndrome: a scientific statement 
from the American Heart Association. Circulation. 2023;148:1636–64.

4.	 Ostrominski JW, Arnold SV, Butler J, Fonarow GC, Hirsch JS, Palli SR, et al. 
Prevalence and overlap of cardiac, renal, and metabolic conditions in US 
adults, 1999–2020. JAMA Cardiol. 2023;8:1050–60.

5.	 Marassi M, Fadini GP. The cardio-renal-metabolic connection: a review of the 
evidence. Cardiovasc Diabetol. 2023;22:195.

6.	 Zhang N, Liu X, Wang L, Zhang Y, Xiang Y, Cai J, et al. Lifestyle factors and their 
relative contributions to longitudinal progression of cardio-renal-metabolic 
multimorbidity: a prospective cohort study. Cardiovasc Diabetol. 2024;23:265.

7.	 Ding X, Wang X, Wu J, Zhang M, Cui M. Triglyceride-glucose index and the 
incidence of atherosclerotic cardiovascular diseases: a meta-analysis of 
cohort studies. Cardiovasc Diabetol. 2021;20:76.

8.	 Alizargar J, Bai C-H, Hsieh N-C, Wu S-FV. Use of the triglyceride-glucose index 
(TyG) in cardiovascular disease patients. Cardiovasc Diabetol. 2020;19:8.

9.	 Cai W, Xu J, Wu X, Chen Z, Zeng L, Song X, et al. Association between 
triglyceride-glucose index and all-cause mortality in critically ill patients 
with ischemic stroke: analysis of the MIMIC-IV database. Cardiovasc Diabetol. 
2023;22:138.

10.	 Tian C, Chen Y, Xu B, Tan X, Zhu Z. Association of triglyceride-glucose index 
with the risk of incident aortic dissection and aneurysm: a large-scale pro-
spective cohort study in UK Biobank. Cardiovasc Diabetol. 2024;23:282.

11.	 Wu S, Xu L, Wu M, Chen S, Wang Y, Tian Y. Association between triglyceride-
glucose index and risk of arterial stiffness: a cohort study. Cardiovasc Diabe-
tol. 2021;20:146.

12.	 Zhang X, Tang H, Chen J, Chen J, Zhou H, Qi T, et al. Association between 
different triglyceride-glucose index combinations with obesity indicators and 
arthritis: results from two nationally representative population-based study. 
Eur J Med Res. 2024;29:389.

13.	 Ramírez-Vélez R, Pérez-Sousa MÁ, González-Ruíz K, Cano-Gutierrez CA, 
Schmidt-RioValle J, Correa-Rodríguez M, et al. Obesity- and lipid-related 
parameters in the identification of older adults with a high risk of prediabetes 
according to the American Diabetes Association: an analysis of the 2015 
health, well-being, and aging study. Nutrients. 2019;11:2654.

14.	 Dang K, Wang X, Hu J, Zhang Y, Cheng L, Qi X, et al. The association between 
triglyceride-glucose index and its combination with obesity indicators and 
cardiovascular disease: NHANES 2003–2018. Cardiovasc Diabetol. 2024;23:8.

15.	 Hong J, Zhang R, Tang H, Wu S, Chen Y, Tan X. Comparison of triglyceride 
glucose index and modified triglyceride glucose indices in predicting cardio-
vascular diseases incidence among populations with cardiovascular-kidney-
metabolic syndrome stages 0–3: a nationwide prospective cohort study. 
Cardiovasc Diabetol. 2025;24:98.

16.	 Ostrominski JW, Claggett BL, Miao ZM, Mc Causland FR, Anand IS, Desai AS, 
et al. Cardiovascular-kidney-metabolic overlap in heart failure with mildly 
reduced or preserved ejection fraction: a trial-level analysis. J Am Coll Cardiol. 
2024;84:223–8.

17.	 Sudlow C, Gallacher J, Allen N, Beral V, Burton P, Danesh J, et al. UK biobank: 
an open access resource for identifying the causes of a wide range of com-
plex diseases of middle and old age. PLoS Med. 2015;12: e1001779.

18.	 Er L-K, Wu S, Chou H-H, Hsu L-A, Teng M-S, Sun Y-C, et al. Triglyceride glucose-
body mass index is a simple and clinically useful surrogate marker for insulin 
resistance in nondiabetic individuals. PLoS ONE. 2016;11: e0149731.

19.	 Luo H, Zhang Q, Yu K, Meng X, Kan H, Chen R. Long-term exposure to ambi-
ent air pollution is a risk factor for trajectory of cardiometabolic multimorbid-
ity: a prospective study in the UK Biobank. EBioMedicine. 2022;84: 104282.

20.	 Vanent KN, Leasure AC, Acosta JN, Kuohn LR, Woo D, Murthy SB, et al. Associa-
tion of chronic kidney disease with risk of intracerebral hemorrhage. JAMA 
Neurol. 2022;79:911–8.

21.	 Li W, Shen C, Kong W, Zhou X, Fan H, Zhang Y, et al. Association between the 
triglyceride glucose-body mass index and future cardiovascular disease risk 
in a population with cardiovascular-kidney-metabolic syndrome stage 0–3: a 
nationwide prospective cohort study. Cardiovasc Diabetol. 2024;23:292.

22.	 Zheng G, Jin J, Wang F, Zheng Q, Shao J, Yao J, et al. Association between 
atherogenic index of plasma and future risk of cardiovascular disease in 
individuals with cardiovascular-kidney-metabolic syndrome stages 0–3: a 
nationwide prospective cohort study. Cardiovasc Diabetol. 2025;24:22.

23.	 Zhang S, Qian ZM, Chen L, Zhao X, Cai M, Wang C, et al. Exposure to air pollu-
tion during pre-hypertension and subsequent hypertension, cardiovascular 
disease, and death: a trajectory analysis of the UK Biobank Cohort. Environ 
Health Perspect. 2023;131:17008.

24.	 Kim MS, Shim I, Fahed AC, Do R, Park W-Y, Natarajan P, et al. Association of 
genetic risk, lifestyle, and their interaction with obesity and obesity-related 
morbidities. Cell Metab. 2024;36:1494-1503.e3.

25.	 de Wreede LC, Fiocco M, Putter H. The mstate package for estimation and 
prediction in non- and semi-parametric multi-state and competing risks 
models. Comput Methods Programs Biomed. 2010;99:261–74.

26.	 Han Y, Hu Y, Yu C, Guo Y, Pei P, Yang L, et al. Lifestyle, cardiometabolic 
disease, and multimorbidity in a prospective Chinese study. Eur Heart J. 
2021;42:3374–84.

27.	 Tang H, Zhang X, Luo N, Huang J, Zhu Y. Association of dietary live 
microbes and nondietary prebiotic/probiotic intake with cognitive func-
tion in older adults: evidence from NHANES. J Gerontol A Biol Sci Med Sci. 
2024;79:glad175.

28.	 Tilly MJ, Geurts S, Zhu F, Bos MM, Ikram MA, de Maat MPM, et al. Autoimmune 
diseases and new-onset atrial fibrillation: a UK Biobank study. Europace. 
2023;25:804–11.

29.	 Klarin D, Lynch J, Aragam K, Chaffin M, Assimes TL, Huang J, et al. Genome-
wide association study of peripheral artery disease in the Million Veteran 
Program. Nat Med. 2019;25:1274–9.

30.	 Li X, Wang L, Zhou H, Xu H. Association between triglyceride-glucose index 
and chronic kidney disease: results from NHANES 1999–2020. Int Urol 
Nephrol. 2024;56:3605–16.

31.	 Ren X, Jiang M, Han L, Zheng X. Association between triglyceride-glucose 
index and chronic kidney disease: a cohort study and meta-analysis. Nutr 
Metab Cardiovasc Dis. 2023;33:1121–8.

32.	 Kunutsor SK, Seidu S, Kurl S, Laukkanen JA. Baseline and usual triglyceride-
glucose index and the risk of chronic kidney disease: a prospective cohort 
study. Geroscience. 2024;46:3035–46.

33.	 Xie E, Ye Z, Wu Y, Zhao X, Li Y, Shen N, et al. The triglyceride-glucose index pre-
dicts 1-year major adverse cardiovascular events in end-stage renal disease 
patients with coronary artery disease. Cardiovasc Diabetol. 2023;22:292.

34.	 Yang Z, Gong H, Kan F, Ji N. Association between the triglyceride glucose 
(TyG) index and the risk of acute kidney injury in critically ill patients 
with heart failure: analysis of the MIMIC-IV database. Cardiovasc Diabetol. 
2023;22:232.

35.	 Liu C, Liang D. The association between the triglyceride-glucose index and 
the risk of cardiovascular disease in US population aged ≤ 65 years with 
prediabetes or diabetes: a population-based study. Cardiovasc Diabetol. 
2024;23:168.

36.	 Zhang Q, Xiao S, Jiao X, Shen Y. The triglyceride-glucose index is a predictor 
for cardiovascular and all-cause mortality in CVD patients with diabetes 
or pre-diabetes: evidence from NHANES 2001–2018. Cardiovasc Diabetol. 
2023;22:279.



Page 11 of 11Tang et al. Cardiovascular Diabetology          (2025) 24:133 

37.	 Liu C, Liang D, Xiao K, Xie L. Association between the triglyceride-glucose 
index and all-cause and CVD mortality in the young population with diabe-
tes. Cardiovasc Diabetol. 2024;23:171.

38.	 Liu Q, Zhang Y, Chen S, Xiang H, Ouyang J, Liu H, et al. Association of the 
triglyceride-glucose index with all-cause and cardiovascular mortality in 
patients with cardiometabolic syndrome: a national cohort study. Cardiovasc 
Diabetol. 2024;23:80.

39.	 Wei X, Min Y, Song G, Ye X, Liu L. Association between triglyceride-glucose 
related indices with the all-cause and cause-specific mortality among the 
population with metabolic syndrome. Cardiovasc Diabetol. 2024;23:134.

40.	 Son D-H, Lee HS, Lee Y-J, Lee J-H, Han J-H. Comparison of triglyceride-glucose 
index and HOMA-IR for predicting prevalence and incidence of metabolic 
syndrome. Nutr Metab Cardiovasc Dis. 2022;32:596–604.

41.	 Brownlee M. Biochemistry and molecular cell biology of diabetic complica-
tions. Nature. 2001;414:813–20.

42.	 Braam B, Joles JA, Danishwar AH, Gaillard CA. Cardiorenal syndrome–current 
understanding and future perspectives. Nat Rev Nephrol. 2014;10:48–55.

43.	 Raina R, Nair N, Chakraborty R, Nemer L, Dasgupta R, Varian K. An update on 
the pathophysiology and treatment of cardiorenal syndrome. Cardiol Res. 
2020;11:76–88.

44.	 Cersosimo E, DeFronzo RA. Insulin resistance and endothelial dysfunc-
tion: the road map to cardiovascular diseases. Diabetes Metab Res Rev. 
2006;22:423–36.

45.	 Kopple JD, Kalantar-Zadeh K, Mehrotra R. Risks of chronic metabolic acidosis 
in patients with chronic kidney disease. Kidney Int Suppl. 2005;66:S21–7.

46.	 Lee W, Lee HJ, Jang HB, Kim H-J, Ban H-J, Kim KY, et al. Asymmetric dimethyl-
arginine (ADMA) is identified as a potential biomarker of insulin resistance in 
skeletal muscle. Sci Rep. 2018;8:2133.

47.	 Schoeler T, Speed D, Porcu E, Pirastu N, Pingault J-B, Kutalik Z. Participation 
bias in the UK Biobank distorts genetic associations and downstream analy-
ses. Nat Hum Behav. 2023;7:1216–27.

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


	﻿Association between triglyceride glucose-body mass index and the trajectory of cardio-renal-metabolic multimorbidity: insights from multi-state modelling
	﻿Abstract
	﻿Introduction
	﻿Methods
	﻿Study design
	﻿Calculation of TyG-BMI and follow-up for CRM multimorbidity
	﻿Covariates
	﻿Statistical analysis

	﻿Results
	﻿Baseline characteristics of the participants
	﻿Association of TyG-BMI with CRM multimorbidity
	﻿Subgroup and sensitivity analyses

	﻿Discussion
	﻿Study review
	﻿Mechanisms
	﻿Burden and prevention of CRM multimorbidity

	﻿Highlights and limitations
	﻿Conclusions
	﻿References


