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Abstract  

Background: Modeling the growth curve of height has a significant role in understanding the 

growth trajectories over time and generated mathematical functions that depict the expected 

height of children at a particular age. However, modeling the mathematical growth functions for 

physical height is not well studied in low- and middle-income countries. Modeling and 

identifying nonlinear growth curves that adequately describe the growth trajectories in low- and 

middle-income countries were the aims of this study.  

Methods: The data were obtained from the Young Lives study. Longitudinal measures of height 

from infancy to middle-adolescence were collected from low- and middle-income countries. A 

number of nonlinear growth trajectories were studied through the family of three-parameter 

nonlinear mixed-effects models.   

Results: This study examined the performances of different growth curves for the height growth 

trajectories. The Logistic curve was chosen among the three-parameter nonlinear growth curves 

for modeling the growth trajectories from infancy to middle-adolescence. Gender and country 

have significant effects on the three parameters of growth curves. Males had higher asymptotic 

height and a lower rate of growth than females. Females reached asymptotic height earlier and 

shorter at asymptotic height than males. Children with low asymptotic height grow faster than 

those with higher asymptotic height. Compared to Ethiopian children, Indian and Peruvian 

children had lower asymptotic height, but Vietnamese children had higher asymptotic height. 

Ethiopian children approached adult height earlier than Indian children, but later than Peruvian 

children. However,  there was no significant difference in the rate of growth between Ethiopian 

and Vietnamese children.  
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Conclusions: This study concludes that the Logistic growth curve was found to be the best 

growth curve to describe the height growth trajectories. Children in Ethiopia, India, Peru and 

Vietnam showed different growth parameters. Further enhancements may be attained with the 

incorporation of other plausible covariates.  

Keywords: Asymptotic height, Covariance structures, Growth curves, Mixed-effect model, Rate 

of growth 

Background  

Analysis of longitudinal growth curves has a significant role in understanding and modeling the 

growth trajectories of children. The motivation to study the growth of children is to adequately 

describe the basic biological process of physical growth and monitoring their nutritional status, 

cognitive development, and health outcomes. Repeated measures observed on the same 

outcomes over time are the starting points for growth curves [1,2]. To analyze such design, 

special statistical approaches are required. A longitudinal study offers a more realistic view of 

growth patterns at individual and group levels. In longitudinal studies, individuals are observed 

repeatedly on the same outcome over time [3,4]. Observations measured repeatedly on the same 

outcome at multiple occasions tend to be inter-correlated. This correlation must be taken into 

account in the analysis. However, ignoring the existing correlation of longitudinal data may lead 

to incorrect and inefficient inferences. Thus, a key requirement for longitudinal data analysis is 

to appropriately model and accurately estimate the variance components so that the underlying 

mean and individual functions can be efficiently modeled [3, 5].  

Mixed-effects models are the most widely used and flexible classes of models for correlated data 

that describe the dependence of the response variable on a set of covariates based on a regression 

paradigm. It relaxes the independence assumption of conventional analyses (regression and 

analysis of variance). It also takes into account a more complicated data structure in a flexible 

way. Additionally, random effects are introduced to incorporate the between-individual variation 

and within-individual correlation in the data [4, 6, 7]. This study, therefore, uses mixed-effects 

techniques to assess the growth trajectories of physical height. The linear growth curve is usually 

a sufficient model where the process under study is measured within limited time spans. 

However, for a long span time measurement, the process is likely to exhibit some degree of 

nonlinearity. In this case, a nonlinear growth curve would be applicable to handle the complexity 
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reflected in the individual trajectories [8]. The physical growth of children from infancy to 

adulthood follows nonlinear growth patterns [9, 10]. Thus, nonlinear growth curve offers 

convenient and flexible techniques in modeling the current growth data. Nonlinear mixed-effects 

model is a generalized form of the linear mixed-effects model in which the functional 

dependence of the mean outcome on covariate is nonlinear. As a consequence, the nonlinear 

model provides better predictions outside the range of observed data, and its parameters usually 

have natural physical interpretations. Moreover, nonlinear model uses a small number of 

parameters than that of the linear model [7].  

The physical growth of children can be affected by countries' exposures. Socioeconomic 

differences in physical growth are frequently observed with shorter height in lower 

socioeconomic groups [11]. Low- and middle-income countries are characterized by huge 

socioeconomic inequality. This indicates the significant differences in physical growth between 

low- and middle-income countries [12]. The main focus of this study is therefore building the 

nonlinear growth curves for the physical growth of children from infancy to 15 years of age.  

Methods  

Data source  

The data were obtained from the Young Lives study. The Young Lives study examines the 

changing nature of childhood poverty and health in Ethiopia, India, Peru and Vietnam. The study 

followed children from infancy to middle-adolescence in two cohort studies, the older and 

younger cohorts. The older cohort includes children born before the millennium development 

goals and the younger cohort includes children born after the millennium development goals. For 

this study, data only from children growing up with the promise of the millennium development 

goals were used. The anthropometric measurements were collected by rounds every three/four 

years over a time of 15 years. The first round was conducted in 2002 when children on average 

were one year old. Subsequently, round two was conducted in 2006, round three in 2009, round 

four in 2013 and round five in 2016 [13].   
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Nonlinear mixed-effects model and growth curves 

 A nonlinear mixed-effects model that follows a specified nonlinear function is used to analyze 

the change of outcomes over time that commonly follows a nonlinear pattern. The model allows 

fixed and random effects to enter a model nonlinearly [14]. Nonlinear mixed-effects model for 

repeated measurements has two stages. The first stage is the mean and covariance structure for a 

given individual and the second stage is the between-individual variations. A general form of 

nonlinear mixed-effects model [7] for the j-th response on the i-th individual can be expressed 

as: 𝑦𝑖𝑗 = 𝑓(𝑿𝑖𝑗 , 𝜷𝑖) + 𝜀𝑖𝑗 ,   𝑖 = 1,2, … , 𝑚 & 𝑗 = 1,2, … , 𝑛𝑖                                                                           1   𝜷𝑖 = 𝑑(𝑨𝑖, 𝑩𝑖, 𝜷, 𝒃𝑖)                                                                                                                                        2 

where, 𝑦𝑖𝑗 is the j-th repeated observation on the i-th individual, 𝑓(. ) is a known nonlinear 

function of a subject-specific parameter 𝜷𝑖, 𝑿 is the matrix of predictors and 𝜀𝑖𝑗 is a normally 

distributed error term. From the second stage, 𝑑(. ) is a known function of the design matrices for 𝑨𝑖 fixed effects, 𝑩𝑖 random effects, the vector of fixed population parameters 𝜷 and the vector of 

random effects 𝒃𝑖. For instance, a simple linear model for 𝜷𝑖 can be written as 𝜷𝑖 = 𝑨𝑖 𝜷 +𝑩𝑖𝒃𝑖, 𝑖 = 1,2, … , 𝑚. The random effects and error terms are identically and normally distributed 

with mean zero and the variance-covariance, i.e., 𝒃𝑖~𝑁(𝟎, 𝑫), 𝜀𝑖𝑗 ~𝑁(𝟎, 𝑹𝒊), b and 𝜀 assumed to 

be independent. Equations (1) and (2) are the first and second stages of the model, respectively.  

The intra-individual and inter-individual variations are separately quantified by the variance 

components of random effects, D, and error term, 𝑹𝑖. The covariance matrix 𝑫 measures the 

inter-individual (between-individual) variation that is not explained by covariates whereas the 

covariance matrix 𝑹𝑖 measures the within-individual variation.  

The physical growth of children has an evident asymptote. Polynomial and other parsimonious 

linear models are unsuitable when the mean response asymptotes to an upper or lower bound. 

For such situations, a nonlinear model is required to fit well the data. The most popular growth 

curves with an asymptote are the three-parameter growth curves [15]. For this study, the logistic, 

Von Bertalanffy, Brody and Gompertz growth curves are considered in modeling the growth 

trajectories of children from infancy to middle-adolescence [16]. The nonlinear mixed-effects 

model for each growth curve is given as follows.   
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Logistic curve: 𝑦𝑖𝑗 = (𝛽1 + 𝑏1𝑖)/ (1 + (𝛽2 + 𝑏2𝑖 )𝑒𝑥𝑝(−(𝛽3 + 𝑏3𝑖 )𝑡𝑖𝑗)) + 𝜀𝑖𝑗                              3 

Brody curve: 𝑦𝑖𝑗 = (𝛽1 + 𝑏1𝑖) (1 − (𝛽2 + 𝑏2𝑖)𝑒𝑥𝑝(−(𝛽3 + 𝑏3𝑖)𝑡𝑖𝑗)) + 𝜀𝑖𝑗                                    4 

Gompertz curve: 𝑦𝑖𝑗 = (𝛽1 + 𝑏1𝑖)𝑒𝑥𝑝 (−(𝛽2 + 𝑏2𝑖)𝑒𝑥𝑝(−(𝛽3 + 𝑏3𝑖)𝑡𝑖𝑗)) + 𝜀𝑖𝑗                            5 

Von Bertalanffy curve: 𝑦𝑖𝑗 = (𝛽1 + 𝑏1𝑖) (1 − (𝛽2 + 𝑏2𝑖)𝑒𝑥𝑝(−(𝛽3 + 𝑏3𝑖)𝑡𝑖𝑗))3 + 𝜀𝑖𝑗                 6 

In all models presented, y stands for the physical height of children at age t, 𝛽1 stands for the 

asymptotic height, 𝛽2 is the value predicted at t = 0 and 𝛽3 is a constant related to the postnatal 

rate of growth that means the rate at which child growth approaches asymptotic, 𝑏1𝑖, 𝑏2𝑖 and 𝑏3𝑖 
are the random effects associated with the three growth parameters (𝛽1, 𝛽2 and 𝛽3) that assumed 

to be independent and identically distributed with mean zero and variance-covariance matrix D 

and 𝜀𝑖𝑗 are the errors assumed to be independent and identically distributed with mean zero and 

variance-covariance matrix Ri.  

Maximum likelihood and restricted maximum likelihood are the two methods for estimating the 

parameters in nonlinear mixed-effects model. The complex numerical issue for these estimations 

is the evaluation of the log-likelihood function of the longitudinal data. This could be due to the 

log-likelihood function comprises the evaluation of several integral that in most cases does not 

have a closed-form expression. To tackle the difficulty of maximizing log-likelihood in nonlinear 

mixed-effects model, several approximations to the log-likelihood are available [17]. Alternating 

approximation method [18], Laplacian approximation [19], importance sampling [20] and 

Gaussian quadrature [21] are some of the integral approximation methods. The parameter 

estimating procedures for this model is generated in SAS PROC NLMIXED by maximizing an 

approximate integrated likelihood. The performances of growth curves were determined based 

on Akaike’s information criteria (AIC) and Schwarz’s  Bayesian information criteria (BIC) [22].  
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Results  

Exploratory data analysis  

The descriptive statistics of the physical height of children by gender and country are given in 

Table 1. The mean height is increased with age. The mean height of males is higher than females 

at ages 1, 5, 8, and 15, and females had a higher mean height at age 12 years in all countries. The 

patterns of mean height growth by gender and country are displayed in Figures 1 and 2, 

respectively. These figures confirmed that the growth trajectories of children in low- and middle-

income countries follow nonlinear trends.     

Table 1 Descriptive statistics of height for males and females  

Age (year) Country Gender Mean SD Minimum Maximum 

1 

Ethiopia 
Male 72.03 5.19 55.3 89.5 

Female 70.67 5.4 56 89.5 

India 
Male 72.86 4.75 60.4 89.4 

Female 71.36 4.74 58.4 86.2 

Peru 
Male 72.57 4.34 59 87.5 

Female 70.99 4.57 59.5 89.6 

Vietnam 
Male 73.31 4.17 62.2 85.7 

Female 71.49 4.02 57.2 83.7 

5 

Ethiopia 
Male 104.96 4.86 90.8 124.9 

Female 103.94 5.27 89 120.4 

India 
Male 104.86 4.46 84.1 121 

Female 104.41 4.64 90 120.3 

Peru 
Male 105.53 5.76 89.6 123.55 

Female 104.26 5.82 84.5 123.2 

Vietnam 
Male 105.91 5.12 90.2 122.65 

Female 104.71 4.55 90 120.05 

8 

Ethiopia 
Male 121.75 5.55 102 141 

Female 120.92 5.92 100 136.05 

India 
Male 119.77 5.29 101.8 138 

Female 119.17 5.69 102.5 140.4 

Peru 
Male 121.19 5.49 102.5 139.5 

Female 120.37 5.59 101.2 140.8 

Vietnam 
Male 121.87 5.88 101.3 139 

Female 121.2 5.65 99 144.5 

12 Ethiopia 
Male 141.02 5.91 123 161.5 

Female 142.61 7.13 120 166 
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India 
Male 140.17 6.55 121 169.2 

Female 142.36 6.8 118.6 165 

Peru 
Male 142.71 7.29 123.8 168.4 

Female 144.61 6.65 126.3 164.1 

Vietnam 
Male 144.04 8.16 121.2 174.2 

Female 145.69 7.24 120 167.7 

15 

Ethiopia 
Male 157.44 7.99 137 182.1 

Female 156.22 5.98 131 172.2 

India 
Male 158.94 7.56 130.5 180 

Female 152.52 5.35 134.1 171.2 

Peru 
Male 161.65 6.48 143.2 179.9 

Female 153.47 4.96 138.5 171.2 

Vietnam 
Male 162.98 6.47 140.4 183.1 

Female 155.16 5.31 136.5 175 

The loess smooth curves presented in Figures 1 and 2 are important in understanding the 

functional relationship between the mean height and time (child’s age). From these plots, it can 

be seen that the relationship between height and time is not linear. Therefore, a nonlinear growth 

curve is a reasonable curve to model the growth trajectories. The initial values of the growth 

parameters (asymptotic height, scale parameter and rate of growth) in the models can be obtained 

from the visual inspection of these profile plots and from fitting the simple nonlinear curves 

which do not account for the nature of longitudinal measures data [8].  
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Figure 1 Mean profile plot of height growth by countries  

 

Figure 2 Mean profile plot of height growth by gender 
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Fitted nonlinear mixed-effects growth curves   

Different growth curves have been applied to describe the physical growth and age relationship 

for children living in different socioeconomic statuses. A growth curve is a powerful tool in 

modeling the growth trajectories and gives a biological meaning for parameters in the models. 

Four growth curves (Logistic, Gompertz, Brody and Von Bertalanffy) in the context of nonlinear 

mixed-effects model are fitted, and their performances were compared for the height growth 

from infancy to middle-adolescence. The two components of nonlinear mixed-effects growth 

curves, the fixed and random effects, were considered in the growth modeling process. The fixed 

effects signify the average height for all the subjects and the random effects denote the 

variability of the individual patterns around the population averages.  

Before the comparison of models for growth trajectories, it is necessary to examine which 

growth curve parameters in the model can include a random effect. Hence, we assessed if any of 

the three parameters (𝛽1, 𝛽2 and 𝛽3) of the growth curves varied across the individuals. To select 

the proper growth curve for growth trajectories, the researchers started with the models that have 

three random effects and reduced the number of random effects hierarchically to the model 

where only one parameter is random. The presence of random effects was determined by 

comparing the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) for 

non-nested models and using the likelihood ratio tests for the nested models [23,24]. Lastly, 

including the random effects associated with 𝛽1 and 𝛽3 growth parameters in the model had 

improved the fitting performance of the growth curves. Table 2 summarizes the estimated 

parameters and the goodness of fit statistics of the three-parameter growth curves. From this 

Table, it can be seen that the Gompertz curve revealed the smallest values of AIC = 200681 and 

BIC = 200729. While Von Bertalanffy provided the highest values of AIC = 310986 and BIC = 

311033 compared to the other growth curves. However, all the growth curves applied in this 

study provided different values of growth parameters (the asymptote, scale parameter and growth 

rate).  
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Table 2 The fitted values of nonlinear mixed-effects growth curves for physical height  

 Parameter/fit-statistics 

Growth curve 

Logistic Gompertz Brody Von Bertalanffy 

Asymptote 180.27 196.00 237.25 119.58 

Scale parameter 1.7182 1.1011 0.7312 -210.47 

Rate of growth 0.1609 0.1059 0.0513 273.08 

AIC 202542 200681 206965 310986 

BIC 202589 200729 207013 311033 

The Brody and Gompertz curves had the highest estimate of asymptotic height, on average, 

237.25 and 196.00, respectively. While the lowest asymptotic height, 119.58 and 180.27, are 

recorded by the Von Bertalanffy and Logistic curves, respectively (Table 2). Even though the 

Gompertz curve exhibited the smallest information criterions of AIC and BIC compared to the 

other curves, the mean asymptotic height provided by this model is less practical under 

biological expectations and does not determine the value related to adult height properly. This 

indicates that less support for the Gompertz curve to be a better fit than the other curves. 

However, regarding the residual distribution of the Gompertz curve, a similar trend is observed 

with that of the Logistic curve (Figure 3). This suggests that the Logistic and Gompertz curves 

can achieve the growth trajectories well. In addition to using information criterions for model 

selection, the way to choose a suitable growth curve is to work with a theoretical framework and 

balance it with biologically relevant parameters [8]. We therefore prefer the Logistic curve 

approach in which its growth parameters have physical meaning and biologically interpretable. 

The Von Bertalanffy curve is the worst model for the growth trajectories as it had the highest 

information criterions. 

Once a proper growth curve is chosen, evaluation of the nonlinear growth trajectory with the 

effects of covariates is the next work. To examine the dependence of the growth parameters on 

gender and country, the effects of gender and country on each fixed effect were evaluated and 

both covariates have significant effects on the three growth parameters. The parameter estimates 

of the final best fit model with covariate effects added to all three parameters of the growth curve 
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are presented in Table 3. The fitted marginal Logistic curve is described by the following 

function. 𝐻𝑒𝑖𝑔ℎ𝑡 = 𝐴/(1 + 𝐵𝑒𝑥𝑝 (−𝐶𝑡𝑖𝑗))     

Where,  𝐴 = 𝛽1 + 𝛽11𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽1𝑘𝑐𝑜𝑢𝑛𝑡𝑟𝑦  𝐵 = 𝛽2 + 𝛽21𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽2𝑘𝑐𝑜𝑢𝑛𝑡𝑟𝑦  𝐶 = 𝛽3 + 𝛽31𝑔𝑒𝑛𝑑𝑒𝑟 + 𝛽3𝑘𝑐𝑜𝑢𝑛𝑡𝑟𝑦  

k is a dummy variable that represents the levels of the country (Ethiopia, India, Peru and 

Vietnam). 

Table 3 Estimates of the best fit mixed-effects growth curve with the effects of gender and 

country on the three growth parameters  

Parameter Estimate SE t-value p-value 95% CI 

Asymptote (𝛽1) 171.78 0.2356 728.99 <.0001 171.32 172.24 

Gender (reference category = Female) 

Male asymptote (slope) 17.8564 0.5189 34.41 <.0001 16.8393 18.8736 

Country (reference category = Ethiopia) 

India asymptote (slope) -1.4132 0.1898 -7.45 <.0001 -1.7853 -1.0412 

Peru asymptote (slope) -0.4786 0.0829 -5.78 <.0001 -0.641 -0.3162 

Vietnam asymptote (slope) 2.5338 0.1975 12.83 <.0001 2.1467 2.9208 

Scale parameter (𝛽2) 1.6662 0.0048 350.21 <.0001 1.6568 1.6755 

Male scale parameter (slope) 0.1355 0.0060 22.57 <.0001 0.1237 0.1473 

India scale parameter (slope) -0.043 0.0057 -7.58 <.0001 -0.0541 -0.0319 

Peru scale parameter (slope) 0.0017 0.0056 0.3 0.7631 -0.0092 0.0125 

Vietnam scale parameter (slope) 0.0240 0.0055 4.4 <.0001 0.0133 0.0348 

Rate of growth (𝛽3) 0.1768 0.0007 248.17 <.0001 0.1754 0.1782 

Male rate of growth (slope) -0.0307 0.0009 -33.48 <.0001 -0.0326 -0.0289 

India rate of growth (slope) -0.0020 0.0007 -3.08 0.0021 -0.0033 -0.0007 

Peru rate of growth (slope) 0.0036 0.0006 5.73 <.0001 0.0024 0.0048 
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Vietnam rate of growth (slope) 0.0009 0.0007 1.38 0.1681 -0.0004 0.0023 

The growth parameters (𝛽1, 𝛽2 𝑎𝑛𝑑 𝛽3) defining the growth curve are varied between gender and 

among countries (Table 3). To understand the difference of growth parameters among four low- 

and middle-income countries as well as between males and females, countries and gender are 

considered as fixed effects on each parameter of the growth curve. Additionally, the asymptotic 

height and rate of growth are varied across individuals and they are treated as random effects in 

modeling the growth trajectories. The parameters of the Logistic growth curve are biologically 

interpretable and have meaningful. The estimate of the asymptotic parameter, 𝛽1, in the growth 

curve indicates the asymptotic or adult height and 𝛽2 and 𝛽3 are the scale parameter and rate of 

growth, respectively. The values of rate of growth show that how fast the children approach the 

adult height. Children with a higher value of the rate of growth reached asymptotic height early 

compared to those with a lower value of the rate of growth.  

Accordingly, the estimated parameters determined by the Logistic growth curve for females are 𝛽1 = 171.78, 𝛽2 = 1.666 and 𝛽3 = 0.177. The asymptotic height indicates on average the 

maximum adult height for females is 171.78. The value related to scale parameter 𝛽2 represents 

the ratio of height gained and the value related to the parameter 𝛽3 is the rate of change shows 

how fast females approach the asymptotic height.  Similarly, for males 𝛽1 = 189.63, 𝛽2 = 1.802 

and 𝛽3 = 0.146. Male has significant positive slopes for asymptote and scale parameters but has 

a significant negative slope for the rate of growth. These indicate that males have higher 

asymptotic height and scale parameters than females. This is due to the structural and physical 

differences between males and females [25]. The rate of growth for males is lower than that of 

females, suggesting females reached adult height earlier than males.  

The country has a significant effect on the three parameters of the growth curve, indicating that 

growth trajectories differ among low- and middle-income countries. For instance, the estimated 

asymptote slopes reported for India, Peru and Vietnam are -1.413, -0.479 and 2.534, 

respectively. These values are the estimated asymptotes difference between the asymptote of the 

reference group (Ethiopia) and the corresponding countries. India and Peru have significant 

negative slopes for the asymptote, while Vietnam has a significant positive slope for the 

asymptote. The negative asymptote slopes for India and Peru show that children in India and 
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Peru have a lower asymptotic height compared with the asymptotic height of children in 

Ethiopia. The positive asymptote slope for Vietnam shows children in Vietnam have higher 

asymptotic height compared with the asymptotic height of children in Ethiopia. Regarding the 

rate of growth, both Peru and Vietnam have positive slopes, while India has a negative slope. 

The mean rate of change for Ethiopian children is higher than that of Indian children and lower 

than that of Peruvian children. However, for Vietnam, the slope is not statistically significant. 

Children in Ethiopia approached adult height earlier than children in India, but later than children 

in Peru. 

 

Figure 3 Trends of residual distributions for Logistic (the left panel) and Gompertz (the right 

panel) growth curves  

The random effects associated with the growth parameters were selected by fitting distinct 

models and comparing their information criterion statistics or using likelihood ratio tests. 

Children are varied across their asymptotic height and rate of change. The estimated variance-

covariance matrix is given as follows. 

�̂� =  [ 0.0555 −0.0001−0.0001 5.08𝐸 − 7] 
The variance related to the asymptotic height (𝜎2𝑏1 = 0.0555) implies that children showed 

variations in their asymptotic height level. Furthermore, the variance related to the parameter of 

the rate of growth is (𝜎2𝑏3 = 5.08E − 7), showing that the variation of rate of growth between-

individual growth trajectories. The negative estimate of the covariance between asymptotic 
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height and rate of growth (𝜎𝑢1𝑢3 = −0.0001) indicates that children with lower asymptotic 

height grow faster than those with higher asymptotic height. The biological correlation between 

asymptote and the rate of growth is most important in the growth curve [25].    

Discussion  

This study was investigated various growth curve approaches for modeling the growth 

trajectories from infancy to middle-adolescence in low- and middle-income countries. Our 

concern is to fit the three-parameter growth curve that adequately describes the growth 

trajectories. The three-parameter growth curve is a flexible curve for comparing and 

summarizing physical growth. However, growth curves with many parameters may lead to 

model fitting challenges [26]. A nonlinear growth curve attempt to estimates between-individual 

variations in within-individual change. It is more sophisticated for longitudinal data that follow 

nonlinear time trends [27]. Therefore, the families of three-parameter nonlinear growth curves in 

the context of the mixed-effects model were fitted to analyze the growth trajectories. The profile 

plots presented in Figures 1 and 2 confirmed the trends of height growth are curvilinear. Hence, 

nonlinear function is a reasonable function to model the growth trajectories for the current data. 

The three-parameter growth curves such as Brody, Von Bertalanffy, Gompertz and Logistic 

curves have been widely and frequently used for modeling animal and forest growth [22, 23, 27, 

28]. In this study, we introduced these growth curves for modeling the physical growth from 

infancy to middle-adolescence. Comparisons of models’ goodness of fit and selection procedures 

were carried out according to the goodness of fit indicators, residual distribution of the models 

and biologically meaningful growth parameters. Besides comparing the growth curves that best 

fit the height growth using the goodness of fit indicators, considering the biological expectation 

of the growth parameters is also helpful [8]. The plots of residuals against age for both the 

Gompertz and Logistic curves have similar trends with no strong association over time (Figure 

3). This indicates both curves can achieve the growth trajectories well. However, the Gompertz 

curve overestimated the asymptotic height. The mean adult height provided by the Logistic curve 

is biological the expected mean adult height. Therefore, for the current data, the Logistic growth 

curve was preferred to model the growth trajectories. Lampl M., [30] noted that the Logistic and 

Gompertz curves are the most common mathematical functions used to model human growth as 

a function of age.  
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The Von Bertalanffy curve is the worst function for the current data. Ahmadi and colleagues [31] 

were compared three growth curves, the Jenss, the Reed and the Gompertz curve, to the height of 

children from birth to age six years and reported the Gompertz curve did not fit well for both 

males and females. However, they did not include the other three-parameter growth curves rather 

than the Gompertz curve.   

In order to capture between- and within-individual growth patterns, the fixed and random effects 

were considered in the Logistic growth curve. The fixed effects in the model evaluate the mean 

height growth of all subjects, whereas the random effects in the model evaluate the variation 

between the individual trajectories. Children are varied across their asymptotic height and rate of 

growth. The effects of gender and country on the three parameters of the Logistic curve were 

analyzed. The model provided that the inclusion of covariates in the growth modeling process 

considerably reduced the values of fit statistics. Both covariates have significant effects on all 

growth parameters. The parameters in the growth curves are biologically interpretable [22,32]. 

The estimate of the asymptotic height parameter in the models indicates the mean adult height. 

Children with a higher value of 𝛽3 parameter reached asymptotic height early compared to those 

with a lower value of  𝛽3 parameter.  

Males had significantly higher asymptotic height and scale parameters but had a lower rate of 

growth than females. Females reached the asymptotic height faster than males. The mean height 

of children at the end of the growth stage in Ethiopia, India, Peru and Vietnam is 171.78, 170.37, 

171.30 and 174.31, respectively. India and Peru have significantly negative slopes for asymptote, 

while Vietnam has a positive slope. The mean asymptotic height of children in Ethiopia is higher 

than the mean asymptotic height of children in India and Peru, but lower than the mean 

asymptotic height of children in Vietnam. Children in Ethiopia reached the adult height faster 

than children in India, but lower than children in Peru. The differences in the growth trajectories 

among these countries could be due to their socioeconomic differences [33].  

Conclusions  

The study examined the performances of different three-parameter growth curves for the growth 

trajectories of children in Ethiopia, India, Peru and Vietnam. The nonlinear Logistic curve was a 

better fitting curve for modeling the growth trajectories. Gender and country have significant 
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effects on the three-parameter of the curve. Children in Ethiopia, India, Peru and Vietnam have 

different values of growth parameters. Further enhancements may be attained with the inclusion 

of other potential covariates.  
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Figures

Figure 1

Mean pro�le plot of height growth by countries



Figure 2

Mean pro�le plot of height growth by gender

Figure 3

Trends of residual distributions for Logistic (the left panel) and Gompertz (the right panel) growth curves


