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S1  Dataset 

We used an anonymized dataset derived from the Japan Diabetes Complications Study (JDCS). The JDCS was 

originally designed as an open-label, randomized controlled trial and was later continued as a cohort study and 

followed up participants to evaluate the association between lifestyle factors and complications of type 2 diabetes 

[1]. The median follow-up period was 7.8 years [2]. Between January 1995 and March 1996, 2,205 participants 

were enrolled at outpatient clinics at 59 universities or general hospitals specializing in diabetes care in Japan, and 

2,033 participants were eligible for the previous study. The JDCS dataset includes demographic data at baseline, 

nutrient intake measured in 1996 and 2000, annual clinical test results measured during the follow-up period, and 

incidence of complications.  

 

S2  Energy adjustment  

Various discussions have been made on the role of total energy intake in estimating the association between 

nutrients and health outcomes. It has been reported as a confounding factor, as total energy intake is frequently 

associated with nutrients and serves as a risk factor for diseases [3]. Another study considered total energy intake 

as a collider, given that it is produced from exposure and other nutrients [4]. By adjusting for energy, the exposure 

effect represents the effect of substituting exposure intake with other nutrients’ intake while keeping the total 

energy intake at the same level [4]. This reflects the research question in nutritional epidemiology studies on how 

altering the composition of the diets without changing their absolute amount affects health-related outcomes [5, 

6]. In this study, total energy intake was treated as the intermediate variable since total dietary fiber produces a 

little energy. Therefore, the effect of the adjusted total dietary fiber intake follows the effect of isocaloric 

substitution, as described above. We suggest that the role of total energy intake be defined according to the 

hypotheses of each study.  

This study adjusted total dietary fiber intake using the residual method [7]. Firstly, total dietary fiber intake was 

square-root transformed to approximate the normal distribution. Secondly, the square-root-transformed values 

were regressed on the total energy intake using a linear regression model, and the residuals between the intake 

estimates based on the dietary assessment and those from the regression model were calculated. Finally, energy-

adjusted total dietary fiber intake was obtained by adding the expected total dietary fiber intake to the residuals. 

 

S3  Imputation of missing covariates 

Missing values in covariates were imputed once using fully conditional specification, with linear regression for 

continuous variables and logistic regression for binary variables. The regression models included 15 baseline 

covariates in the generalized propensity score model, the incidence of stroke and CHD, and other baseline 

covariates measured in the JDCS, including diastolic blood pressure, treatment with lipid-lowering agents, 

treatment with antihypertensive agents, estimated glomerular filtration rate, waist circumference, waist-to-hip ratio, 

albumin-to-creatinine ratio, sedentary job, and fasting plasma glucose.  

 

S4  Assumptions 
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In this study, we assumed consistency, positivity, conditional exchangeability, and no-interference.  

Consistency assumes that the outcome of each participant we observe is equal to the potential outcome they 

would have had if they had received the exposure which was actually received [8]. 

The positivity assumption requires that the probability of receiving each level of exposure is not zero for any 

combination of covariate and exposure levels [9]. Specifically, we assumed that there was no situation in which a 

subgroup stratified by covariate and exposure levels included no participants who could receive exposure due to 

contraindications [9]. In contrast, we assumed that the practical violation of positivity might occur when some 

subgroups did not include exposed participants because of the limited sample size [9]. 

Conditional exchangeability assumes that exposure and potential outcomes are independent of each other, 

conditional on confounding factors [8]. 

We assumed no interference in this study. Interference refers to a situation in which the potential outcome of a 

participant is influenced by the exposure received by another participant [8]. 

 

S5  Quantile binning approach and generalized propensity score-based weights 

In quantile binning approach, to rank nutrient intakes into bins, we utilized the SAS command “proc rank” and 

assigned the largest of the corresponding ranks to the tied data values. 

The notations and mathematical formulas used to create the weights are described below. The covariate vector 

of participant 𝑖 is defined as 𝑋𝑖（𝑖 = 1, … , 𝑛）. The probability that the nutrient intake of participant 𝑖 belongs 

to bin 𝑗 is defined as 𝑎𝑗(𝑋𝑖) (𝑗 = 1, … , 𝐽) and is calculated using the multinomial logistic regression models 

shown below. Here β and γ stand for an intercept and a vector of regression coefficients of covariates, respectively. 

𝑎1(𝑋𝑖) =
1

1+∑ exp(𝛽𝑘+𝑋𝑖
𝑡𝛾𝑘)

𝐽
𝑘=2

 (𝑗 = 1), 𝑎𝑗(𝑋𝑖) =
exp(𝛽𝑗+𝑋𝑖

𝑡𝛾𝑗)

1+∑ exp(𝛽𝑘+𝑋𝑖
𝑡𝛾𝑘)

𝐽
𝑘=2

 (𝑗 = 2, … , 𝐽)     (equation 1) 

 

Using the estimated generalized propensity score, each weight was constructed using equation 2 to 4. 

For IPTW weights [10], 
1

𝐽×𝑎𝑗(𝑋𝑖)
     (equation 2) 

For GOW weights [11], 
1

𝑎𝑗(𝑋𝑖)×∑
1

𝑎𝑘(𝑋𝑖)

𝐽
𝑘=1

     (equation 3) 

For GMW weights [12], 
min(𝑎1(𝑋𝑖),…,𝑎𝐽(𝑋𝑖))

𝑎𝑗(𝑋𝑖)
     (equation 4) 

 

S6  Marginal standardization and percentile bootstrap methods 

As the reference for the estimates in the entire study population, which is the target population of IPTW, marginal 

standardization using logistic regression models was used [13, 14]. In detail, the expected incidence risks of stroke 

or CHD were estimated as if each participant had the average nutrient intake, or as if each participant had a 1-unit 

increase in the intake from the average intake. The expected incidence risks were then averaged across all 

participants. The risk ratio was calculated as the ratio of the mean expected risk of stroke or CHD in the case of 1-

unit increase in intake from the average to the mean expected risk in the case of the average intake.   
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To evaluate the precision of the estimated risk ratios, 95% confidence intervals were calculated using the 

percentile bootstrap method. The generalized propensity score was estimated for each of the 1,000 bootstrap 

samples and then was used to create weights. Using the weighted log binomial regression models, risk ratios were 

calculated for each bootstrap sample, and the 2.5th and 97.5th percentiles of the risk ratios were selected as the 

lower and upper limits of the confidence intervals, respectively. When separation occurred in estimating the 

generalized propensity score using multinomial logistic regression models, or when the calculation of risk ratios 

did not converge, the corresponding bootstrap samples were removed from contributing to the construct of the 

percentile bootstrap confidence intervals. 

 

S7  Effective sample size 

The effective sample size was used to assess weight variability. We used the following notation and mathematical 

formulas.  

  𝐷𝑖𝑗 is the indicator variable and is assigned a value of 1 when participant 𝑖 belongs to bin 𝑗, and 0 otherwise. 

𝑤𝑗(𝑋𝑖) stands for the weight of participant 𝑖 in bin 𝑗. 

(∑ ∑ 𝐷𝑖𝑗𝑤𝑗(𝑋𝑖)
𝐽
𝑗=1

𝑛
𝑖=1 )

2
/ ∑ ∑ 𝐷𝑖𝑗𝑤𝑗

2(𝑋𝑖)
𝐽
𝑗=1

𝑛
𝑖=1      (equation 5) 

 

S8  Weighted correlation coefficient 

It is suggested that 0.1 can be used as the threshold for the absolute weighted correlation coefficient between 

exposure and each covariate to interpret whether confounding effect is small [15, 16]. In this study, we judged that 

the covariate balance improved if the absolute weighted correlation coefficient decreased compared to the 

unweighted value. We suggest that each study should choose how to evaluate the weighted correlation coefficient. 

When thresholds are used, they can be decided depending on the covariate variability in the analysis population.  

 

S9  Statistical software 

We performed all analyses using SAS 9.4 (SAS Institute Inc., Cary, NC, USA). R version 4.4.1 was used to create 

figures. 
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