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Objective: To identify distinct longitudinal patterns of body mass index (BMI) z-score in 

type-1-diabetes from childhood to young adulthood and secondly to determine sex 

differences as well as associated clinical covariates. 

Study design: 5 665 type-1-diabetes subjects (51% males) with follow-up from 8 to 20 years 

from the multicenter diabetes prospective registry DPV were studied (baseline diabetes 

duration ≥1 years, BMI z-score aggregated per year of life). Latent class growth modeling 

(SAS: PROC TRAJ) was applied to analyse BMI z-score over time.  

Results: Six distinct BMI z-score trajectories were identified (group 1: 7% of patients, group 

2: 22%, group 3: 20%, group 4: 16%, group 5: 25%, and group 6: 10%). Group 1, 2, 5 and 6 

had an almost stable BMI z-score, either in the low, near-normal, high stable or chronic 

overweight range. Group 3 (60% girls) increased their BMI during puberty, whereas group 4 

(65% boys) had a BMI decrease. Similar patterns were observed for girls only, whereas boys 

followed nearly stable trajectories without fluctuation over time. Between the near-normal 

and the other groups, significant differences (p<0.05) in sex ratio, migration background, 

mental health, height z-score, HbA1c, diabetes treatment, dyslipidemia, hypertension and 

smoking were observed.  

Conclusions: In youth with type-1-diabetes a great heterogeneity of BMI z-score trajectories 

exists that highlight the importance of personalized sex-specific intervention programs for 

subjects at risk for unfavourable BMI development.    
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List of abbreviations 

ADHD  attention deficit hyperactivity disorder 

BIC  Bayes information criterion 

BMI  body mass index 

BMIz  body mass index standard deviation score 

CSII  continuous subcutaneous insulin infusion  

CT  conventional insulin therapy 

DPV  diabetes patient follow-up registry 

HbA1c  hemoglobin A1c 

ICT  intensivied conventional insulin therapy 

LCGM latent class growth modelling  

SMBG self-monitoring of blood glucose 

 

Introduction 

Compared to national reference peers, a higher body mass index (BMI) were reported for 

children with type-1-diabetes and a gradual increase of BMI z-score within the first six years 

after type-1-diabetes diagnosis has been shown, especially in girls (1, 2). Increased BMI is 

associated with worse metabolic control and a higher risk for comorbidities, especially 

metabolic syndrome, and micro- and macrovascular diseases later in life. Moreover, in type-

1-diabetes elevated body weight can result in insulin resistance (3) and modern intensive 

insulin therapy either with multiple daily injections or continuous subcutaneous insulin 

infusion (CSII) is often related to weight gain (4). On the other hand, underweight is linked 

with poor health and abnormal development (5). The national German Obesity Association 

(AGA), and the German Health Interview and Examination Survey for Children and 

Adolescents (KiGGS) define a BMI between the 10th and 90th percentile as normal weight (6, 
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7). Puberty is a time where upward or downward crossing of BMI percentile curves is 

frequent, especially in girls (8). Most previous studies are cross-sectional, investigations with 

long-term follow-up and analyses of individual BMI change are limited. 

An innovative methodology to identify distinct patterns of BMI over time and to investigate 

heterogeneous developmental curves is the application of latent class growth modelling 

(LCGM), a semi-parametric statistical method to analyze longitudinal data (9, 10). 

Multivariable analyses can then be applied to determine clinical covariates which are 

associated with unique patterns of change. Previously, parental education, maternal weight 

status, income, sex, ethnicity, and physical activity were related with BMI trajectories in 

childhood and adolescence (8, 11, 12).  

The objective of this study was to identify distinct trajectories of BMI z-score from age 8 to 

20 years among a large cohort of 5 665 youths with type-1-diabetes using group-based 

modeling according to the method proposed by Nagin (9). Furthermore, we aimed to identify 

sex differences as well as sociodemographic and clinical profiles associated with these 

trajectories. To determine modifiable covariates that contribute to abnormal BMI 

development can close an important gap in knowledge and can help clinicians to offer 

individualized therapy. 

 

Subjects and Methods 

DPV registry 

Participants were extracted from the multicenter, standardized, diabetes patient follow-up 

registry, DPV (www.d-p-v.eu). In 1995, specialized pediatric diabetes centers from Germany 

started a joint initiative to document routinely collected sociodemographic and clinical data 

of diabetes therapy and outcome. Meanwhile, a large initiative with 434 collaborating centers 

from Germany, Austria, Luxembourg and Switzerland has emerged, including centers from 
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internal medicine. On a semiannual basis, locally stored data are transmitted anonymously to 

Ulm University, Germany, for aggregation into a cumulative database after plausibility 

checks and correction of data. Approval of the DPV initiative has been obtained by the 

ethical committee of Ulm University, and local review boards have approved anonymized 

data collection in participating centers. 

For this study, all type-1-diabetes youths with a documented BMI and a minimum diabetes 

duration of one year at the age of 8 years were included (Figure 1). Further inclusion criterion 

was a longitudinal follow-up of BMI between age 8 and 20 years. Individuals with missing 

BMI values in more than five follow-up years were excluded. For each patient, data was 

aggregated per year of life. The final cohort comprised 5 665 youths with type-1-diabetes. 

 

Trajectory variable 

Age- and gender-adjusted BMI z-scores were calculated based on national pediatric reference 

data from the KiGGS study (7). For patients 18 years, data was extrapolated. In line with the 

KiGGS study, overweight was defined as BMI z-score 90th percentile of the reference 

population and underweight as BMI z-score <10th percentile (6, 7). 

 

Sociodemographic and clinical covariates  

Sex, age at diabetes onset, migration background and age at menarche in girls were evaluated 

with respect to BMI z-score trajectory membership. Migration background was defined if 

either patient and/or at least one parent were born outside of Germany/Austria.  

Several clinical data (e.g. height, metabolic control, anti-hyperglycemic therapy, daily self-

monitoring of blood glucose (SMBG)), presence of comorbidities (e.g. thyroid disease, celiac 

disease, eating disorder, mental health disorders) and self-reported smoking were studied as 

covariates. In girls, documented use of oral contraceptives was evaluated additionally. To 
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adjust for between-center differences in methods of hemoglobin A1c (HbA1c) measurements, 

the multiple of the mean method was applied to mathematically standardize values to the 

reference range of the Diabetes Control and Complications Trial (DCCT) (4.05-6.05% [20.7-

42.6 mmol/mol]) (13). Use of continuous subcutaneous insulin infusion (CSII) at least once 

per patient year was classified as pump treatment. Dyslipidemia was defined if patients used 

lipid-lowering agents and/or had at least one abnormal blood lipid value (14). A blood 

pressure above the >95th percentile of the KiGGS reference population was defined as 

hypertension (15). Diagnosis of thyroid disease was based on the International Classification 

of Diseases (ICD) codes and/or the use of thyroid medication. Celiac disease was diagnosed 

if patients had a positive result of a duodenal biopsy or clinical symptoms with highly 

elevated multiple antibodies in line with current guidelines (16). Eating disorder, attention 

deficit hyperactivity disorder (ADHD) and depression were defined based on a documented 

diagnosis and/or specific pharmacological therapy using ICD-codes and Diagnostic and 

Statistical Manual of Mental Disorders (DSM) codes. At least one cigarette per day was 

classified as smoking. 

 

Statistical analysis 

The LCGM (also: latent class mixture model) approach based on Nagin (9) was applied to 

model BMI z-score trajectories over time and to identify distinct subgroups following similar 

patterns. The basic assumption of the method is that there are heterogeneous latent clusters 

within the population. LCGM assumes that each subject follows a unique pattern and the 

distribution of individual differences in developmental courses can be summarized by a finite 

set of functions. There are histories (BMI z-score trajectories) of N individuals (i=1,…,N) at 

T times (t=1,…,Ti) within J (j=1,…,J) latent groups. Each function corresponds to one 

trajectory. In each cluster j, the association between age and BMI z-score can be modeled by 
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a third degree polynomial function yit | j
∗ = β0

j
+ β1

j
ageit + β2

j
ageit

2 + β3
j

ageit
3 + εit

j, where 

ageit denotes the age of subject i at time t, β0
j
, β1

j
, β2

j
, and β3

j
 the parameters which determine 

the shape of the polynomial in cluster j, and εit
j

 the normally distributed error term. The 

maximum likelihood methods were used to estimate model parameters. More detailed 

information is given in Nagin, section 2.2.1 (9) and Schwandt et al (17). 

To search for the optimal number of clusters, a stepwise forward approach was taken. The 

decision on both the optimal number of heterogeneous patterns and the appropriate 

polynomial order was based on the Bayes information criterion (BIC) as well as sufficient 

cluster size (5% of patients) (18, 19). Probability of a randomly chosen population member 

belonging to the respective group is given. In the literature, a probability >0.8 is defined as 

appropriate (20). As different BMI trajectory patterns between genders were expected, we 

applied the approach stratified by sex as well. 

Covariates were examined at the ages 8, 14, and 17 years. Kruskal-Wallis or χ2-test were used 

for unadjusted comparisons. Due to multiple tests per trajectory group, p-values were 

corrected according to the Benjamini-Hochberg procedure controlling the false discovery rate 

(FDR) (21). In addition, multivariable multinomial logistic regression models were applied to 

evaluate which covariates are associated with group membership at age 17 years. The age of 

17 years has been chosen as it marks a time point at the end of puberty where a sufficient 

number of patients was available for analyses. A two-sided p-value <0.05 was considered 

significant. All analyses were performed with SAS (SAS Institute Inc., Cary, NC, USA)  by 

applying the PROC TRAJ macro for trajectory analysis (22). 
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Results 

Among the 5 665 youths with type-1-diabetes 51% were male. At baseline (median age: 8.5 

[Q1; Q3: 8.4; 8.6] years), patients had a median diabetes duration of 3.4 [2.0; 5.2] years and a 

median BMI z-score of +0.28 [-0.21; +0.78], with no clinical differences between gender. 

 

BMI z-score trajectories 

Starting with a one-class model, BIC decreased continuously up to a six-class model (BIC1: 

71 860, BIC2: 54 125, BIC3: 45 706, BIC4: 40 859, BIC5: 38 090, BIC6: 36 646). A seven-

class model yielded an even lower BIC (BIC7: 35 175), but one group size falls below the 5% 

criterion recommended for clusters. Quadratic and cubic orders were used to fit polynomial 

functions (BIC6opt: 36 325). Group probability was above 0.88 in all groups. The resulting six 

trajectories of BMI z-score are shown in Fig. 2A. The smallest group (n=377, group 1) 

followed a low stable pattern with a tendency towards underweight during puberty and was 

named “low stable”. Group 2 (n=1 259) with “near-normal BMIz”, comprised patients with 

stable, near-normal BMI. Individuals with normal BMI at baseline and increasing BMI z-

score during puberty were classified as “increasing BMIz” (n=1 103, group 3). In another 

group with slightly elevated BMI at baseline, BMI z-score dropped with age and was labeled 

“decreasing BMIz” (n=942, group 4). The largest class (n=1 428, group 5) followed a stable 

high BMI z-score curve and was named “stable high”. Subjects with constantly high BMI in 

the overweight range were classified as “chronic overweight” (n=556, group 6). 

In sex-specific analysis, the LCGM approach revealed for girls six heterogeneous BMI z-

score trajectories similar to those of the entire cohort (Fig. 2B). By contrast, for boys only 

five, nearly stable trajectories without great fluctuation over time were found (Fig. 2C). 

Between the “near-normal BMIz” group (group 2m) and the “stable high” class (group 4m), 

boys with a constant moderately high BMI z-score could be identified (n=957, group 3m).  
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Unadjusted group comparisons at baseline and follow-up  

The associations between sociodemographics, diabetes treatment and other clinical 

parameters with trajectory group membership are summarized in Table 1; online and Table 2; 

online.  

If gender-specific analyses were applied, proportion of eating disorders was higher in girls 

compared to boys (1.9 vs. 0.8%), especially in the low stable group (4.1 vs. 1.8%). In girls, 

but not in boys, detemir was used more often in the low stable BMI trajectory compared to 

the near-normal group (8 years of age: 15.5 vs. 8.3%; 14 years of age: 43.2 vs. 31.3%; 17 

years of age: 45.6 vs. 37.6%), whereas glargin was used more often in the chronic overweight 

trajectory (12.9 vs. 9.2%; 51.9 vs. 34.6%; 54.5 vs. 43.7%). In addition, during puberty the 

frequency of smoking was higher in girls belonging to the decreasing BMI z-score (14 years 

of age: 6.4 vs. 1.9%; 17 years of age: 13.4 vs. 9.2%), stable high BMI z-score (4.2% and 

12.3%) and chronic overweight group (7.3% and 12.4%). 

By contrast, in boys, but not in girls, proportion of ADHD was significantly different among 

the five distinct BMI z-score trajectories (p<0.05), with highest frequency in the low stable 

class (12% vs. 0.8% in reference group). 

 

Multinomial regression models at age 17 years 

Entire cohort 

Girls were more likely to be in the increasing BMI z-score, stable high BMI z-score or 

chronic overweight group, whereas boys were more often in the low stable or decreasing 

BMI z-score class (table 3). Moreover, migration background, eating disorders, use of CSII or 

glargin, insulin dose, dyslipidemia, hypertension and height z-score at age 17 years were 

related with trajectory group membership (table 3). 
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Selected gender-specific analyses 

Table 4 summarizes adjusted sex-specific comparisons for selected BMI z-score groups. 

Compared to the near-normal class, girls with eating disorders were less likely to be in the 

increasing BMI z-score group, whereas girls aged 17 years with hypertension and higher 

HbA1c were more likely to be in this group. Comparing the BMI decreasing trajectory with 

the stable high BMI z-score group, revealed for 17-year-old girls with migration background, 

hypertension and dyslipidemia a higher risk of belonging to the stable high BMI z-score 

class, whereas eating disorders and taller stature were linked with higher odds of belonging to 

the BMI decreasing group.  

Similarly to girls, 17-year-old boys with migration background, hypertension and 

dyslipidemia were more likely to be in the stable high BMI z-score trajectory, whereas boys 

with ADHD and detemir use were more likely to be in the low stable BMI z-score class. 

Between the stable high and the moderately high BMI z-score trajectories, no significant 

differences were present in boys, except for migration status.  

 

Discussion 

The present longitudinal study identified for the first time six distinct BMI z-score 

trajectories from childhood to young adulthood in a large German/Austrian cohort of youths 

with type-1-diabetes using a group-based modeling approach, with substantial differences 

between girls and boys. In addition, sociodemographics, glycemic control, diabetes treatment, 

mental health and cardiovascular risk factors were associated with trajectory group 

membership.   

 

To the best of our knowledge, no study exists that evaluated age- and gender-adjusted BMI z-

score trajectories in such a large number of pediatric type-1-diabetes patients from real-life 
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care over 13 years from childhood to young adulthood. The LCGM approach allows the 

analysis of BMI z-score patterns during puberty – one of the critical periods for later risk of 

becoming an over- or underweight adult which in turn impacts diabetes treatment and 

outcome. To analyse disease histories longitudinally, LCGM is a valuable tool to identify 

distinct clusters. Contrary to previous studies, we used sex- and age-adjusted continuous BMI 

instead of measuring overweight, obesity or underweight. As there are children with already 

high or low BMI at baseline, genetic and early life factors (e.g. parental overweight/education 

or smoking, gestational diabetes, child birth weight) seem to influence BMI trajectories from 

childhood to young adulthood (8, 12, 23, 24). In an Australian study from birth to 14 years, 

seven patterns of BMI z-score similar to ours were identified. Additionally to our increasing 

BMI z-score class, researchers found a second trajectory with moderate increase in BMI z-

score (12). Another study reported over a six year period (ages 4 to 11 years) four patterns of 

obesity: high risk, moderate-high risk, low-moderate risk and low risk (23).  

Up to now, it has been less evaluated whether sociodemographic and clinical variables do 

uniformly impact BMI trajectories in type-1-diabetes. In line with our findings, an interaction 

between sex and trajectory subgroup was observed in healthy children (12, 25) and might be 

explained through biological and social factors as well as different hormonal changes in body 

composition during puberty (26). In addition, puberty is linked with physiological insulin 

resistance and associated weight gain which is more pronounced in girls. Another explanation 

might be a greater impact of the diagnosis of diabetes, its treatment and psychological burden 

in girls compared to boys. Similar to our data, a Canadian study revealed one additional BMI 

trajectory in healthy girls compared to boys (25). Being male was reported as risk factor for 

underweight in youths with type-1-diabetes (27) and strengthens our finding of a higher 

proportion of boys belonging to the low stable BMI z-score class.  
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Treatment regimen (e.g. pump use or multiple daily injections), insulin dose or type of insulin 

were associated with weight gain (4) and a higher BMI was related to worse metabolic 

control (13, 17). Our results indicate further that except for youths with stable high BMI z-

score or chronic overweight, BMI between ages 8 and 20 years is modestly related to 

metabolic control, with probably stronger association as children grow older. Contrary to 

previous findings, minor association of intensified insulin therapy with BMI group 

membership was observed. In adjusted multivariable analysis, CSII was related solely to a 

higher risk of belonging to the increasing BMI z-score trajectory. Whether pump use 

contributes to BMI increase or exzessive body weight with poor metabolic control leads to 

intensified insulin regimens could not be evaluated further. A weight-sparing effect of the 

long-acting insulin analog detemir is strengthened by our results (28), whereas glargin has 

been related to higher body weight (29). Although surprising, a lower insulin dose per 

kilogram bodyweight in obese type-1-diabetes children has been reported previously (30). 

Authors supposed that insulin dose per kilogram bodyweight is not an adequate surrogate in 

obese subjects. Insulin sensitivity is linked to body composition (lean vs. fat mass) and fat 

distribution, however, BMI does not distinguish between lean mass and fat mass. Morover, 

body weight is included in both the insulin sensitivity index and the obesity index and may 

bias the finding (30). Standardized height differed among the distinct BMI z-score 

trajectories and indicated a higher risk of being in the chronic overweight class with lower 

height at the age of 17 years. Stovitz et al. reported also a higher height in childhood and 

relatively less growth during puberty among youths getting overweight as young adults due 

to accelerated physical maturation (31).  

Our data confirm findings from cross-sectional studies revealing an association between 

migration background and higher BMI (32), whereas underweight was more likely in native 

subjects, particularly in boys (33). Patients with diabetes are at increased risk for mental 
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illnesses. In our study, eating disorders were more common in girls belonging to the low 

stable or decreasing BMI z-score group. Anorexia or bulimia are more prevalent in girls with 

type-1-diabetes, although clinically less serious eating disorders (e.g. eating disorders not 

otherwise specified, EDNOS) were observed in boys (34). By contrast, ADHD is more 

common in boys, and a lower BMI was reported by us and others due to the higher physical 

activity, the appetite-reducing effect of methylphenidate, and the worse metabolic control that 

increase lipolysis and glucosuria (35). The findings on depression and BMI group 

membership are not surprising as overweight and obesity can result in frustration and 

depression. On the other side, being depressed is often linked with inactivity, more sedentary 

time and overeating, and nearly all antidepressants lead to weight gain.  

Few previous studies address whether behavioral and lifestyle factors such as smoking alter 

BMI trajectories. Primarily in girls, self-reported smoking was linked with both decreasing 

BMI z-score and stable high BMI z-score, or chronic overweight in our study. Although 

smokers weigh less than non-smokers, smoking is part of an unhealthy lifestyle with e.g. less 

physical activity and poor nutrition that contribute to weight gain particularly in heavy 

smokers (23). Girls were reported to be more likely to smoke for weight loss reasons 

compared to boys (36).  

 

As in the group-based modeling approach missing data are assumed to be missing at random 

and the LCGM are estimated by using all available observations, our data provide sufficient 

information. However, a considerable number of subjects had to be excluded e.g. due to 

missing BMI values either at baseline or during follow-up. Although baseline characteristics 

were similar between subjects included and excluded, a potential selection bias cannot be 

excluded with absolute certainty. Missing information on e.g. smoking, mental health or use 

of oral contraceptives in some patients is another common problem in observational studies 
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based on real-world data that might bias the findings. Due to limited data available on 

socioeconomic status or parental BMI, the relationship of these factors with BMI group 

membership could not be evaluated. Future research should focus on the determination of 

additional covariates such as genetic, perinatal or socioeconomic factors. Lastly, no causality 

can be drawn due to the retrospective nature of the study and the lack of temporality.  

 

In conclusion, the large heterogeneity of BMI z-score trajectories from childhood to young 

adulthood in type-1-diabetes underlines the necessity of personalized sex-specific treatment 

regimens. In girls, low stable BMI z-score is linked to eating disorders or detemir use, 

whereas higher BMI is related to smoking and the use of glargin. Boys with low stable BMI 

z-score are more often diagnosed with comorbid ADHD. 
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Figure legends 

Figure 1 – Selection of study cohort from the DPV registry 

 

 

Figure 2 – Trajectories of BMI z-score with 95% confidence intervals for the six (A: all, 

B: girls) and five (C: boys) distinct clusters of patients from childhood to young 

adulthood. 

A) Orange trajectory is labeled low stable BMI z-score (group 1, solid line), green pattern as 

near-normal BMI z-score (reference, group 2, dotted line), blue curve as increasing BMI z-
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score (group 3, long dashed line), purple pattern as decreasing BMI z-score (group 4, dash 

dotted line), black curve as stable high BMI z-score (group 5, short dashed line), and red 

trajectory as chronic overweight (group 6, dash dot-dotted line).  

B) Dark red trajectory is labeled low stable BMI z-score (group 1f, solid line), red curve as 

near-normal BMI z-score (reference, group 2f, dotted line), pink pattern as increasing BMI z-

score (group 3f, long dashed line), light red curve as decreasing BMI z-score (group 4f, dash 

dotted line), orange trajectory as stable high BMI z-score (group 5f, short dashed line), and 

light orange pattern as chronic overweight (group 6f, dash dot-dotted line). 

C) Dark blue curve is labeled low stable BMI z-score (group 1m, solid line), purple pattern as 

near-normal BMI z-score (reference, group 2m, dotted line), light blue as moderately high 

BMI z-score (group 3m, long dashed line), blue trajectory as stable high BMI z-score (group 

4m, dash dotted line), and turquoise curve as chronic overweight (group 5m, dash dot-dotted 

line). 
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