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Exploring the dynamics of triglyceride with stroke onset in 

the Chinese population through parameterized joint models 

Abstract 

Background: Stroke has become one of the diseases with the highest mortality and 

disability rates in the world, especially in low-income and developing countries. Our 

objective was to discuss the relationship between the longitudinal dynamic changes of 

TG and stroke onset in healthy population by constructing different parametric joint 

models. 

Methods: 298 participants aged 23 to 69 in Xijing hospital of Xi’an City in Shanxi 

Province from 2008 to 2015 were included. The Cox proportional hazards model was 

performed to analyze the correlation between TG and stroke incidence at baseline. 

Different parameterized joint models were used to analyze the impact of dynamic 

changes of TG on the incidence of stroke under longitudinal data. 

Results: Of the 298 participants, a total of 70 (23.49%) subjects developed stroke 

during the study period. Cox proportional hazards model showed that the risk of 

disease increased by 1.056 times (95%CI=0.920-0.975) for each 1 unit of baseline age 

decrease. Each 1 mmol/L increase in sqrt(TG) increased the risk by 1.816 times 

(95%CI=1.017-3.245). Joint model showed that the risk of sqrt (TG) increased by 

4.869 times (95%CI=3.987-8.857) for each 1 mmol/L increase in longitudinal 

direction.The lagged effects (HR=5.284, 95%CI=4.397-9.680) and cumulative effects 

(HR=1.786, 95%CI=1.613-3.399) of sqrt (TG) dynamic trajectory were also 

statistically related to the incidence of stroke. 
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Conclusions: Over time, the longitudinal growth of TG levels in individuals will 

increase the risk of stroke even more. People should pay more attention to the 

dynamic changes of individual TG value, as well as the lagged effect and cumulative 

effect, to reduce the incidence of stroke. 

Keywords: Joint model, parameterization, triglyceride, stroke, longitudinal data 

 

 

Background 

Stroke is a group of acute cerebrovascular diseases caused by a variety of 

pathogenic factors, leading to cerebrovascular block, short-term blood can not flow 

into the brain, or acute rupture of cerebral vessels caused by brain function damage 

[1]. Stroke is irreversible and difficult to treat. The high mortality, high disability rate 

and high recurrence rate caused by stroke will bring great disease burden to the 

society, which has become one of the major public health problems in the world. 

However, stroke can be also prevented effectively. Related research showed that 90.7% 

of global stroke was related to 10 correctable risk factors, such as hypertension, 

diabetes, dyslipidemia, smoking, drinking and abdominal obesity [2]. Therefore, 

primary prevention of stroke is the fundamental measure. 

Some studies showed that there were correlation between the abnormal levels of 

TC, TG, LDL-C, HDL-C and the incidence of stroke [3,4]. And blood pressure, blood 

lipid, blood glucose, BMI and waist circumference are controllable factors. It will 

have a better guiding significance for individuals to formulate intervention measures 
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if factors are changed, which can make the assessment objects more intuitively see the 

reduction degree of disease risk. However, at present, the research conclusions are not 

completely unified and need to be further explored.  

In recent years, most studies focus on studying the relationship between the level 

of blood lipid indicators and the incidence of stroke through some traditional 

statistical models, such as logistic regression, Cox proportional hazards model, 

random forest and competitive risk model [5,6]. However, these studies lacked the 

consideration of the impact of the dynamic changes of longitudinal indicators, 

resulting in poor fitting effect and large error. To solve this problem, Faucett et al [7,8]. 

proposed a joint modeling method for longitudinal data and survival data, which 

could describe the dynamic change trajectory of longitudinal variables. 

Joint model was first used in clinical trials of AIDS to evaluate and compare the 

efficacy of different drugs in the treatment of AIDS [9]. At present, it has been widely 

applied in many research fields [10-15], such as cancer, cardiovascular and 

cerebrovascular diseases, kidney disease, liver disease, heart surgery, mental health 

and other different diseases research. It has become a hot issue in the field of 

population health research, and provides a mature and powerful method to solve the 

longitudinal data research.  

To our best knowledge, few studies have applied the combined joint model to 

explore the risk factors of stroke. Therefore, a longitudinal study based on the joint 

model was conducted to examine the influence of TG on stroke onset in our study, 

which can provide scientific basis for the effective prevention and control of stroke. 
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Methods 

Data sources 

In this study, the longitudinal data of 298 subjects who had health examination 

from 2008 to 2015 in the health examination center of Xijing hospital in Xi’an City, 

Shanxi Province were used for analysis. The main variables included gender, date of 

birth, age, marital status, education level, height, weight, body mass index, blood 

pressure, fasting blood glucose, uric acid, TC, TG, and LDL-C, etc. All the study 

methods were performed in accordance with the Medical Ethics Committee of 

Weifang Medical University (NO.2021YX116). All the participants read and signed 

informed consent.  

Quality control measures for anthropometric and laboratory measurements 

included the participants in the physical examination come from the same individual 

unit and all adopt the same test method. Before the physical examination, the subjects 

were required to be free of smoking, alcohol, coffee, and have a fasting stomach for 

more than 12 hours. Biochemical blood samples were collected 3-5ml from an 

antecubital vein of participants in the morning by the laboratory staff who had 

received unified training. Then, the samples were detected within 10-30 minutes after 

extraction. The unit of measurement of TG is mmol/L. 

Inclusion criteria: (1) The number of physical examinations ≥ 3 times; (2) There 

were no patients with diabetes, cardio-cerebrovascular disease, liver disease and 

kidney disease at baseline; (3) No missing baseline diagnosis information. Exclusion 

criteria: (1) The number of physical examinations < 3 times; (2) Study subjects who 
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already had stroke at baseline.  

A total of 298 subjects were eventually included according to the inclusion and 

exclusion criteria of health check-up, 70 of whom developed stroke during the 

follow-up period. The diagnostic criteria of the end point and outcome variable 

(stroke) was international clinical diagnostic criteria. 

Statistical analysis 

In our study, we developed joint models to explore the association between 

longitudinal TG and stroke onset. The standard joint model was used to capture the 

relationship between TG and stroke, which can be generalized to the case of three 

parameterization models [8,16,17]. To better understand the lagged effects between 

the event and longitudinal parts in our model, we assumed that the risk of terminal 

event in time depended on the value of TG in the previous 3 years. Then, a 

time-dependent slopes parameterization joint model was also be postulated, in which 

the risk depended on both the current TG value of the trajectory and the slope of the 

true trajectory at time t. However, in many cases it may benefit by allowing the risk to 

depend on the longitudinal marker history, ie. the cumulative effect of TG. 

In this study, we assumed yi(t) to be the follow-up measurements (TG) for patient 

i ( i=1,…,n ) at time t, and we followed the framework of linear mixed effect model to 

fit the longitudinal outcomes [18]: 𝑦𝑖(𝑡) = 𝑚𝑖(𝑡) + 𝜀𝑖(𝑡) = 𝑥𝑖𝑇(𝑡)𝛽 + 𝑧𝑖𝑇(𝑡)𝑏𝑖 + 𝜀𝑖(𝑡) 𝑏𝑖~𝑁(0, 𝐷), 𝜀𝑖(𝑡)~𝑁(0, 𝜎2) 
Among them, xi

T(t) is the time-varying covariate with corresponding fixed effect 
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term β. zi
T(t) is the time-varying covariate with corresponding fixed effect term bi. 

According to the distribution requirements of longitudinal observed variables, square 

root transformation of TG index was required to meet the normal distribution [8]. 

For the survival submodel, we perform the Cox proportional hazards model [19]: 

ℎ𝑖(𝑡) = ℎ0(𝑡)𝑒𝑥𝑝{𝛾𝑇𝜔𝑖 + 𝛼𝑚𝑖(𝑡)} 
Here, h0(t) donates the unspecified baseline risk function, γT is the time-varying 

covariate with corresponding fixed effect term ωi, and the shared parameter α 

represents the impact of longitudinal results mi(t) on event risk. 

The main parameter estimation method of the joint model was the maximum 

likelihood estimation method [20]. EM algorithm [21] or Newton Raphson algorithm 

[22] can be used to solve the maximum solution of log likelihood function. As a 

general iterative algorithm, EM algorithm is widely used. 

In this study, quantitative data were calculated by means and standard deviation 

representation (�̅� ± 𝑠), and qualitative data were expressed both in frequencies and 

percentages, i.e.n(%). Kaplan-Meier method was used for survival analysis, which 

was performed by survminer package of R 4.0.0 software. And the joint model was 

constructed by JM package of R 4.0.0 software. All tests were two-sided, and values 

of P<0.05 were considered statistically significant.  

Results 

Descriptive analysis 

A total of 298 subjects were followed up and 1921 observational data were 

collected. Among them, the observation values of each research object include 
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observation time, observation year, survival time, age, gender, TC, TG, HDL-C, 

LDL-C and outcome status etc. The dataset consisted of 204 males and 94 females, 

with a baseline age range of 23-69 years. The variable information was shown in 

Table 1.  

The total population in this study was followed up for 3-8 years, with mean of 

follow-up time 6.48±1.54 years. 288 people (96.64%) were followed up for 4 years, 

67 people (82.89%) were followed up for 5 years, 215 people (72.15%) were followed 

up for 6 years and 171 people (57.38%) were followed up for 7 years. Only 106 

subjects (35.57%) were followed up for 8 years. A total of 70 subjects developed 

stroke during the study period, with an incidence density of 76.18 per 10,000 people 

per year. Among them, 58 were male and 12 were female, and the incidence density 

was 95.26 and 38.69 per 10,000 people per year, respectively. Figure. 1 showed the 

Kaplan-Meier plot of TG level and stroke cumulative incidence. The cumulative 

incidence of stroke was 23.49%. 

Figure. 1 Kaplan-Meier curve for cumulative incidence 

Profile plot for TG biomarker were shown in Figure. 2. Figure.2 indicated that 

there were distinct differences in trajectories between those who had stroke during 

follow-up and those who did not have. And at each time point, the change trajectory 

of TG index had no obvious rule with observation time. 

Figure. 2 Longitudinal trajectory plot of TG 

Results generated from Cox proportional hazards model 

Table 2 presented the association between incident stroke and sqrt(TG) at 

baseline. As can be seen, there were statistically significant differences in the 



 9 

influence of baseline age and sqrt(TG) on the incidence of stroke (P<0.05). The risk 

of stroke increased by 1.056-fold (95%CI=0.920-0.975) for each 1 year decreased in 

baseline age. Similarly, the HR for sqrt(TG) predicting stroke was 1.816, which 

indicated that for every 1 mmol/L added to sqrt(TG) level for one subject, the 

increased risk for developing stroke was 1.816-fold (95%CI=1.017-3.245). 

Results from standard joint model 

The results of standard joint model was shown in tables 3, which investigated the 

effect of dynamic change in sqrt(TG) on the hazard of stroke. In the longitudinal 

submodel, there was significant difference in the influence of gender on sqrt(TG) 

(P<0.001), indicating that the average level of sqrt(TG) in males was 0.291 higher 

than that in females. The survival submodel in table 3 showed that there was a strong 

negative association between dynamic change in age and risk of stroke. A unit 

decrease in age represented as a 1.057-fold (95%CI=1.028-2.085) increase in 

developing stroke. Most importantly, the results also reflected a strong positive 

association between longitudinal augments in sqrt(TG) and the risk of developing 

stroke, which implied a unit longitudinal augment in sqrt(TG) represented a 

4.869-fold (95%CI=3.987-8.857) increase in the stroke.  

Results from parameterized joint models 

Three paramaterized joint models results were showed in table 4, with a 

significant negative association between dynamic change in age and risk of stroke in 

three submodels. However, the effect of age is not quite remarkable in time-dependent 

slopes parameterization joint model (P>0.05). Additionally, shared parameters α 
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were statistically significant in the lagged effect joint model (P<0.001), which 

demonstrated that one unit longitudinal increase in sqrt(TG) level three years earlier 

was associated with a 5.284-fold (95%CI=4.397-9.680) increase in the risk of 

developing the disease. Similarly to the above analyses, we observed that sqrt(TG) 

remains strongly related with the risk for stroke (P<0.001). In particular, a unit 

increase in the area under the sqrt(TG) longitudinal profile corresponds to a 

1.786-fold (95%CI=1.613-3.399) increase in the risk for stroke onset. In the 

time-dependent slopes parameterization joint model submodel, although the slope of 

the trajectory was not strongly associated with onset (P>0.05), a unit longitudinal 

increase in sqrt(TG) still increased the risk of the onset (P<0.001). 

Discussion 

Stroke incidence rate is the second leading cause of death and disability in the 

world. In recent years, the incidence of stroke has been increasing worldwide. 

However, the risk factors for stroke are still not clear [23]. At present, age, gender, 

hypertension, diabetes, dyslipidemia, heart disease, unhealthy diet and other factors 

are recognized as the main risk factors of stroke, and different risk factors have 

different effects on stroke. In this study, we conducted a preliminary analysis of the 

association between longitudinal TG trajectories and stroke onset. Although 

dyslipidemia as a risk factor for stroke has been controversial, more and more 

epidemiological evidence supports the role of dyslipidemia in increasing the risk of 

stroke and represents a potential target for therapeutic intervention [24]. Therefore, we 

hope that this study can provide a methodological basis for the exploration of the 



 11 

etiology of such chronic diseases. 

In the Cox proportional hazards model, we found that low age and high TG levels 

at baseline were associated with the risk of stroke, which was not completely 

consistent with other research results. Mi T et al [25]. indicated that TG was an 

independent risk factor for carotid plaque, thus identifying a high risk of stroke. This 

finding was consistent with other previous studies [26]. However, Gainey J et al [27]. 

found that old age was one of the risk factors of stroke through Cox regression 

analysis. The inconsistent finding may be related to the rapid rise and younger 

incidence of stroke in China. The average age of stroke in China was about 65 years 

old, lower than that in developed countries, about 75 years old [28]. In fact, due to the 

relative improvement of risk awareness in the elderly from China, combined with 

lifestyle changes and lipid-lowering drugs, the risk of dyslipidemia and the incidence 

of cardiovascular and cerebrovascular diseases can be reduced to a certain extent. On 

the contrary, more and more young people were attacked by cardiovascular and 

cerebrovascular diseases because of drinking, smoking, excessive night life, high-fat 

diet, hypertension and other risk factors. 

In addition, there were many reasons for inconsistent results. The traditional 

statistical model did not consider the dynamic changes of individual indicators over 

time and the influence of other covariates, which may lead to some biases in the 

results. In this study, we used the joint model to dynamically analyze the association 

between TG and stroke incidence, considering the influence of dynamic changes of 

index on disease progression, so as to more accurately analyze the rule of index 
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values changing over time from the perspective of individuals. Our findings 

demonstrated that there was a strong positive association between longitudinal 

augments in sqrt(TG) and the risk of stroke onset. More importantly, the dynamic 

increase of TG level in individuals had a greater impact on stroke than at baseline, 

which may be due to the simultaneous consideration of baseline and longitudinal 

dynamic changes of indicator. This result was the most significant feature of the 

present study and corresponded with our purpose. It was consistent that Lee j et al 

[29]. in a 17.7-year prospective cohort study in the United States found that adults 

with high TG had a higher risk of stroke (HR=1.32, 95%CI=1.06-1.64). Interestingly, 

Wang Y [30] stratified the primary prevention population of stroke in China, and 

compared the correlation between the blood lipid level and the incidence of stroke 

among different levels. He believed that the incidence of stroke increased with the 

increase of age and TG level, and the correlation between the risk of stroke and serum 

TG level was greater in the population with the highest age, which was an 

inconclusive one from our research. In consequence, the relationship between age and 

stroke onset needed to be further explored. 

Our study also constructed other different parameterized joint models for 

longitudinal data, to further analyze the correlation between different parameterization 

longitudinal marker sqrt(TG) and stroke onset. And we concluded that the 

longitudinal observation sqrt(TG) had a time lag effect and cumulative effect on the 

disease outcome. This was unexpected and novel, as other studies had found lagged 

associations between some climatic factors, environmental factors as well as social 
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factors and stroke onset [31-33]. The lag effect of dyslipidemia on stroke needed to be 

further explored. However, this study can provide new ideas for the etiological 

inference and prognosis of such diseases. Similarly, the cumulative effect joint model 

can also provide a feasible parameterization method for the construction of the 

etiology exploration model of stroke to a certain extent. Because, so far, a common 

feature of the parameterization we had seen was that they assumed the risk of a 

specific time event depended only on the longitudinal trajectory characteristics of a 

single point in time. However, some scholars believed that this hypothesis was not 

always true. In many cases, we can benefit from the more detailed function of 

allowing the risk of an event to depend on the longitudinal observation history 

[34,35].  

We had expected that the slope term of sqrt(TG) longitudinal trajectory would 

have an effect on the outcome of the disease. However, we failed to find the 

association between them, and only the real level of sqrt(TG) at the same time point 

on the risk of stroke was found. The reason may be that the TG of the human body 

changed with the function of the immune system. Nevertheless, up to now, the 

time-dependent slopes parameterization joint model had been mostly used in the study 

of the relationship between biomarkers and risk of chronic diseases, used to capture 

the trajectory slope of observation indicators and the degree of risk [36]. In the future 

study, it is necessary to determine the specific applicable diseases and indicators of 

this kind of parametric joint model, as well as the parameter setting in the modeling 

process. 

file:///D:/Dict/8.9.6.0/resultui/html/index.html#/javascript:;
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Nevertheless, this study also had some limitations. First, due to the limitation of 

data collection, the influence of TG observation value on the stroke onset was only 

analyzed, instead of considering comprehensive factors, such as inflammatory factors, 

living habits, occupation, marriage, education level and so on. In the future study, 

more covariates should be considered to infer the risk factors of stroke onset. Second, 

the incidence of stroke was the result of long-term dynamic development, so the 

follow-up period of this study was still limited, which may lead to the deviation of 

model fitting. Third, the joint model established in this study can only deal with single 

longitudinal marker. The related researches showed that multiple longitudinal results 

modeled simultaneously, which can enhance model prediction ability and facilitate the 

guidance model for predicting stroke onset risk [37]. Therefore, it can be extended to 

the multivariable joint model dealing with multiple longitudinal markers in future 

research. 

Conclusions 

The joint model can be used to better understand the disease progression by 

analyzing longitudinal monitoring variables. In this study, we found that the 

longitudinal increase of individual TG level over time would increase the risk of 

stroke. People should pay close attention to the change trend of TG and various other 

blood lipid indicators, and the growth of indicators in the normal range can not be 

ignored, while maintaining a healthy lifestyle, such as healthy diet and active exercise. 

In addition, we found that the true longitudinal trajectory of TG, the lagged effect and 

cumulative effect three years ago were all strongly correlated with the stroke onset. In 
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the future research of stroke etiology, we should pay more attention to the lagged 

effect and cumulative effect of TG. Future study should be further developed to 

clarify how the slope of TG locus affects the incidence of stroke. 
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Kaplan-Meier curve for cumulative incidence
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Longitudinal trajectory plot of TG


