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Abstract

Non-linear mixed effect models for the relationship
between fasting plasma glucose and weight loss.

Ellen Evbjer

Diabetes is one of the most common diseases in modern time. Its connection to
overweight and obesity is well established, and diet and exercise are therefore
important parameters in the treatment. A commonly used biomarker to diagnose and
follow disease progression in diabetics is via measurements of fasting plasma glucose,
FPG. In this study, the relationship between weight loss and FPG in overweight
diabetics was studied. Competing hypothesis regarding the connection between
weight loss and reduced FPG was investigated by using nonlinear mixed effects
modeling based on data gathered from a meta-analysis by Anderson et al (1). The
hypotheses suggested that either [1] weight effected FPG directly by an intermediate
effector, or [2] both weight and FPG were affected by an unknown underlying
mechanism. The intermediate effector was presumed to be insulin sensitivity and the
underlying mechanism the blood concentration of free fatty acids.  The data was
gathered from 8 different studies, all examining the results of very low energy diets
(330-909 kcal/day) in overweight type 2 diabetics. Frequent measurements of weight
and FPG were provided in each study with a range of 91-321 mg/dl for baseline FPG
and 93-118 kg for baseline weight. The summarized studies consisted of 13 arms with
6-62 subjects in each arm. 
Both hypotheses were modeled by using NONMEM 7.2. A stepwise effect was used
for both weight and FPG. For hypothesis [1], an inhibitory effect affected the weight
input which then affected the output for insulin sensitivity by a relative change in
weight or the input for the insulin sensitivity by an absolute weight change. For
hypothesis [2] the same inhibitory effect affected weight input and the input for insulin
sensitivity. For both models the FPG drop was then proportional to the increase in
insulin sensitivity. Hypothesis [2] had a significantly lower objective function value
(OFV) than hypothesis [1] and had also better results from goodness of fit plots and
VPCs. It was therefore concluded that hypothesis [2] indicated the more accurate
explanation of the connection between FPG and weight loss. Moreover, a strong
correlation between the caloric content of the diet and the rate of weight change was
seen as a result of stepwise covariate modeling. An impact from baseline BMI on rate
of change for insulin sensitivity was also seen. 
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Sammanfattning 
 

Diabetes typ 2 är en av de vanligaste sjukdomarna i modern tid. Dess koppling till övervikt 

och fetma är väl etablerad, och tillsammans med läkemedel, ges alltid råd om motion och diet 

som behandling. Ett vanligt sätt för att kunna diagnostisera och följa sjukdomsutvecklingen 

hos diabetiker är att mäta halten socker i blodet. Nivåerna är nämligen markant förhöjda hos 

en diabetiker till följd av sämre känslighet för insulin, ett hormon i blodet vars uppgift är att 

koppla till cellernas yta och då se till att socker(glukos) kan strömma in i cellen och ge den 

energi. Hos diabetiker är det av olika anledningar svårare för insulin att koppla till cellen. 

Socker kan då inte strömma in och det stannar därför kvar i blodet.  I denna studie har 

förhållandet mellan viktnedgång och blodsocker hos överviktiga diabetiker studerats. Olika 

hypoteser gällande sambandet studerades genom att använda datorbaserade matematiska 

modeller. Modellerna baserades på försök där patienter utsatts för en väldigt extrem, nästan 

svältliknande, diet. En hypotes var att viktnedgången direkt påverkade blodsockernivåerna 

eftersom man vid viktnedgång minskar mängden fett i kroppen. Tidigare undersökningar har 

visat att fett är mindre känsligt för insulin än muskler, och följaktligen att en större massa fett 

i kroppen ger en ökad insulinkänslighet. Den andra hypotesen var att mängden cirkulerande 

fett i blodet påverkade både vikten och blodsockernivåerna. Har man en stor mängd fett som 

cirkulerar i blodbanan kan dessa sätta sig i vägen för insulinet på cellerna och detta hämmar 

då insulinets verkan. Vid bantning används fett från kroppen som alternativ energikälla för 

cellerna istället för socker som då är en bristvara, detta leder till minskade nivåer av fett i 

blodet och på så vis kan insulinet fungera bättre igen.  

Denna studie visar att det främst är mängden cirkulerande fett i blodet som påverkar både 

viktnedgång och minskning av blodsockernivåer. Dock ska här åter belysas att detta är under 

extrema bantningsförhållanden. Mer sannolikt är att båda hypoteserna är korrekta, men 

påverkar glukosnivåerna/viktnedgången olika mycket vid olika förhållanden. För att 

ytterligare säkerställa sambandet mellan viktnedgång och blodsocker, krävs studier vid en mer 

normal diet.  

Man kunde också se tydliga indikationer på att mängden intagna kalorier per dag påverkade 

hastigheten med vilken man förlorade vikt, samt att ett högre initialt BMI gav en snabbare 

ökning av insulinkänsligheten.  
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1. Introduction 

1.1 Pharmacometric modeling 

“Pharmacometrics uses models based on pharmacology, physiology and disease for 

quantitative analysis of interactions between drugs and patients. This involves 

pharmacokinetics, pharmacodynamics and disease progression with a focus on populations 

and variability.” (2) It can be used to e.g. describe interactions between drug and patient, to 

interpret and explain pk/pd systems and to optimize dosing regiments and study designs. 

1.1.1 Population modeling 

Population modeling is used when one wants to study the variation within an entire 

population (in contrast to individual profiles). The population models are almost always 

mixed models, meaning that they are both fixed and random effects. Fixed effects are 

structural parameters that are not occurring at random, and describes the main trends 

observed. Random effects describe the variation in the population, which includes variation 

between individuals, variation within an individual across several occasions and remaining 

unexplained residual variability.  

To mathematically describe the relation between each individual in a data set and the 

estimated individual curves from the model, i.e. the difference between the model prediction 

and the observation, one can use the following equations.  

yij=f(xij,θi) + εi     (1)

  

Where yij represents the observation at time j for individual i. f() corresponds to the individual 

prediction, which is described by a linear or nonlinear function with the parameter vector θi 

and the independent variable xij (measurements such as time, dose). εij (“the residual error”)is 

describing the difference between the individual prediction and the typical value for the 

population, it’s assumed to be normally distributed with a mean at 0 and a variance, σ
2
. 

The equation below is describing the inter individual variability for individual i and parameter 

k. pki being the k
th

 individual parameter in which θk is the typical value. The difference 

between the individually predicted parameter and the (for the population) typical parameter is 

described by ηki, a random effect. ηki is presumed to be normally distributed with a mean of 0 

and a variance of ω
2
. 
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pki=θk + ηki     (2)  

pki=θk * e 
ηki 

    (3)
 

 

The deviation between individuals can also depend on “individual patient factors”, examples 

of these can be weight, height or age. Such factors can be implemented in the model as so-

called covariates. If this is the case, the individual variability is a function of these covariates. 

1.1.2 NONMEM  

NONMEM (NON-linear Mixed Effects Modeling), is a software package used for nonlinear 

mixed effect modeling for analysis of population pk/pd (3). NONMEM estimates parameter 

values using maximum likelihood estimation methods from observed data by using the user-

defined model file containing the equations for the particular pk/pd process one wants to 

evaluate. NONMEM reads its input from the model file where the response of the individuals’ 

data due to some specified estimated effect is implemented as differential equations. 

The standard method used in nonlinear mixed effects modeling to discern between models is 

to compare their objective function values (OFV). The OFV is calculated as “(– 2) * log of the 

likelihood”, thus a lower OFV corresponds to a greater likelihood for the model with its 

parameter values to cover the data in the dataset and thereby a better fit (4). The likelihood is 

similar to a sum of square deviations between the predictions and the observations from the 

model. When comparing two models, where one is based on the other, for example one model 

without covariates and one model with covariates the difference in OFV (log-likelihood 

ratios) is assumed to have a chi-square distribution. When evaluating the compared models 

one can as a result of the chi-square distribution say that a difference of 3.84 units in OFV is 

assumed to be significant with one degrees of freedom at p<0.05, where the difference in 

number of parameters is the degree of freedom. In this project, OFV was used as one of the 

conclusive factors when the fit of a model to the gathered data should be evaluated. 

1.1.3 PsN 

PsN, or Pearl speaks NONMEM, is a collection of Perl modules and programs used to help 

when making and running models with NONMEM (5). It can be used to do executions, 

extract parameters from output files but also to more labor intensive and complicated features 

such as stepwise covariate model building and bootstrapping. The functions used in this study 

functions are further explained during the method part. 
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1.2 Diabetes 

Diabetes type 2 is characterized by a raise in blood glucose as a result of insulin resistance. 

Insulin resistance is defined as the inability of cells to respond adequately to insulin (6). The 

function of insulin is to connect to a certain receptor at the cell surface allowing glucose to 

enter the cell. When the cells do not respond to the insulin as the result of insulin resistance, 

the glucose cannot enter the cells resulting in an increased demand for insulin. As the normal 

insulin production is insufficient to get a response from the cells, the β -cells increase insulin 

production in order to compensate. When the produced insulin is insufficient it results in 

increased blood glucose levels. Measuring the blood glucose in fasting state, known as fasting 

plasma glucose (FPG), can therefore be used as a diagnosing technique for diabetics (7).  

A range of different drugs are available for the treatment of diabetes, among these are insulin 

and oral agents such as alpha-glycosidase inhibitors and sulfonylureas (8). Along with 

pharmaceutical treatment, diabetes is also treated with diet and weight control. This is quite 

natural as overweight and obesity are thought to be the leading causes for diabetes type 2. 

More than 50 % of all diabetics are obese (BMI >30 kg/m
2
), and in an article by Smyth et al, 

diabetes and obesity are even named as “the twin epidemics” (9,10). An explanation to this 

could be that obesity can lower the insulin sensitivity in cells, even though both an excess and 

an absence of fat tissue is suggested to decrease the insulin sensitivity (11). It is also suggested 

that fat cells become more resistant to insulin than muscle cells.  

1.4 Weight loss and FPG 

By treating obese and/or overweight diabetes patients with very low calorie diets (VLEDs), 

several studies has indicated an improvement in the disease parameters, such as weight and 

FPG, which are two of the most noted, and also the most relevant for a diabetic. A VLED 

normally consists of an energy intake of 450-800 kcal/day, and is often isocaloric (12). 

A range of previous studies have investigated the effect of these diets and as a result, 

established a connection between weight loss and reduction of fasting plasma glucose (13,14) 

(15-21). Some of these studies have been summarized in an article by Anderson et al (1), 

whom have performed a meta-analysis to evaluate the correlation. One has seen that as the 

weight decreases, so does the FPG. However, FPG had a drastic drop at the beginning of the 

diet (after about seven days) which was not seen in weight. These results raised the question if 

the weight loss has any effect on the FPG or if it is the diet affecting some other underlying 
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process that lead to this decrease in FPG. This work was based on a few different hypotheses 

for the relationship between a weight loss and FPG.  

2. Aim 

The aim of the project is to develop models that can describe the relationship between FPG 

and weight loss during VLEDs.   

2.1 Hypothesis 

To perform the analysis of the connection between weight loss and FPG two hypotheses were 

investigated.  

For the first hypothesis weight loss induces a change in FPG by an intermediary effector. 

Weight is here considered to have a direct effect on FPG. In the other hypothesis both weight 

and FPG are affected by an unknown underlying mechanism that drives the decrease of them 

both. FPG is considered to be affected by an intermediary effector.  

It is unknown what the underlying mechanism and intermediary effector are, but based on 

current literature, the intermediary effector is presumed to be insulin sensitivity and the 

underlying mechanism is the change in concentration of free fatty acids (FFA) circulating in 

the bloodstream.  

By studying the correlation between amount of fat tissue and the grade of insulin sensitivity, 

one has seen that by decreasing amount of fat tissue, mostly visceral, the insulin sensitivity 

can be improved (22). Improved insulin sensitivity would consequently then reduce the 

amount of glucose in the blood, and thus the FPG. This could be one hypothesis of what 

drives the intermediate effect between weight loss and FPG.  

FFA could be considered to be the effect driving the decrease of both weight and FPG, FPG 

by insulin sensitivity. FFA are suggested to inhibit insulin signaling by blocking its receptors 

on the cell surface (23). When reducing the provided amount of calories for a subject, 

basically during starvation, the cellular demand for FFA increases and as a result of this the 

FFA levels in the blood are decreased and the blocking of the receptors gets reduced, with 

increased insulin sensitivity as a result and hence a decrease in FPG.  

Another theory is that by weight loss, one can improve glucose homeostasis by a reduction in 

hepatic glucose output (HGO), as the main driver for FPG decrease (24). 
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3. Methods and materials 

3.1 Part one - Gathering of data  

Part one of the project consisted of gathering data from studies regarding FPG and weight loss 

referenced by Anderson et al (1). This data was then formatted so it would be compatible with 

NONMEM. 

Data consisted of average population measurements corresponding to 13 different arms 

consisting of different number of measurements (13–17,19–21). Information on weight, FPG, 

BMI, age, disease duration and amount of calories given per day were given as population 

means. Measurements of weight and FPG were taken repeatedly during a period varying 

between 40 and 224 days during a provided diet of 300-909 kcal/day. If data points was 

missing they were estimated as the mean value of the complete dataset for that certain 

parameter.  

All articles that were used discussed FPG and weight loss in obese type 2 diabetics, but 

focused on different aspects (such as low- versus high ketonic diets, dependence of duration 

of the diabetes, protein metabolism, re-feeding and so on) and studied different variables as 

well. One article included an arm with healthy, however obese, subjects and this was included 

in the data for the analysis (13). All articles used a specialized diet based on a very low calorie 

intake (on the verge of starvation). Data was provided in tables, graphs, bar charts and 

incorporated in the text.  

To obtain data from graphs and bar charts the software “Get data Graph Digitizer” version 

2.25.0.32 was used.  

Data was implemented into an excel spreadsheet and the different parameters taken into 

account were the ones given below in Fel! Hittar inte referenskälla.. All were formatted in a 

way to make it possible for NONMEM to interpret. 

In  

Table 1 below, all information included in the final dataset is described in terms of units and 

abbreviations.  
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Table 1: Showing all headlines for the data used in the final dataset, explanations of these and if necessary, 

their units. 

ID Individual record, used to group together data corresponding to one arm in a 

particular study, i.e. a population. 

PAPER Which paper the study was taken from. 

YEAR What year the paper was published. 

NP Total number of participants in the study. 

NPSUB Number of participants in subgroup, i.e. diabetic group or control group. 

DIAB/NO If the subjects are diabetic or not. 1- diabetic,0-not 

BLWT Baseline (initial) body weight. (kg) 

BLFPG Baseline fasting plasma glucose. (mg/dl) 

DIET Number of calories provided per day. (kcal/day) 

DRUG What drug the subjects were on before the study. 0 corresponding to no 

previous treatment, 1 to insulin, 2 to gastric bypass, 3 to oral agents and 4 to 

mixed drugs among the group. 

DURATION How long the since diagnosis of diabetes for the subjects (years). 

DUR If the diabetics are long term or recent onset. Long-term diabetics i.e. more 

than 5 years since diagnosed(1), recent onset diabetics i.e. less than 5 years 

since diagnosed(2), non-diabetics(0) 

TIME Time of the measurements of weight and FPG. 

DV Dependent variable. Values for weight (kg) and FPG (mg/dl) at different 

times. 

CMT Compartment. Weight (1), FPG(2). 

STD Standard deviation for the dependent variable. 

BLBMI Baseline BMI (kg/m
2
) 

BMI BMI (kg/m
2
) 

BLINS Baseline insulin level (µU/ml) 

INS Insulin level at the different times (µU/ml) 

CHI Carbohydrate intake (g/day) 

PI Protein intake (g/day) 

FI Fat intake (g/day) 
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DO Number of drop outs. 

AGE Mean age of the group (years) 

SEX 1-Female, 2-Male, 3-Mixed 

INC Indicator variable to be able to include/exclude certain values. 

MFRAC Fraction of men in each study. 

FFRAC Fraction of females in each study. (1-MFRAC) 

RDIET Calories provided per day relative to basal metabolic rate (BMR). 

3.1.2 Calculations 

As some of the parameters were not initially obtained in the wanted units or formats, some 

calculations and conversions had to be made. All calculations were made in excel. 

BMI 

Final BMI was estimated by calculating the mean height from the initial BMI (with initial 

weight as a given parameter), assuming that the mean height does not change during the time 

of the study. Drop outs are a factor that would change the mean height but is here not taken 

into consideration as (generally) no individual data was provided and drop out was low in all 

studies.  Using the final weight, which also was provided, the BMI could be calculated.  

Where individual data was provided, initial and final BMI were calculated for all individuals 

and based on those, an average was calculated. 

For one set of individual data, both methods were applied to estimate the accuracy and 

precision of the different approaches. The difference was assumed to be insignificant.  

IBW 

For one of the articles the weight loss data was given as % of ideal body weight(14). 

Individual data were provided for initial weight, final weight and ideal body weight. To 

calculate % of IBW (ideal body weight) one divided the individual weight with the individual 

IBW and multiplied it by 100 to get it in percentage, and from these values a mean % of IBW 

was calculated.   

To calculate the final weights at each time for the population in each study, a mean IBW was 

calculated from the individual data. By dividing the % of IBW from the curve provided in the 

article with 100 to obtain the fraction and then multiplying it with the population IBW, the 

weights were obtained.   
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For the final weight one could also calculate the IBW by taking an average from the given 

individual final weights. Both approaches were found to be adequate.   

WL 

When the weight loss was provided as weight loss (kg) and not in absolute values, the final 

weights were calculated by simple subtraction of the weight loss from the initial value for the 

population. 

When provided as % of initial weight the final weights were calculated as weight loss in % 

divided by 100 multiplied with the initial weight (population mean), which gives the weight 

loss in kilos. These values were then subtracted from the initial weight to get the final 

weights.  

3.1.2 Conversions  

To convert FPG-data given in mmol/L to mg/dl a conversion factor of 18.0182 was used (25). 

To convert weight in pounds to kilograms the assumption that 1 pound= 0.45359 kg was 

made (26).  

3.1.3 Assumptions  

All articles provided varying information for the energy intakes in the different diets that were 

used. Some studies supplied it as mean calorie intake per day, while other studies did not 

provide much information. 

Often energy intake was given as kcal/day/kg (ideal) body weight. To obtain the absolute 

value of calories per day, this given value was simply multiplied with the given mean (ideal) 

body weight for the population. 

In one article only the amount of the certain substance that was to be intake was given (14).  

By looking up the substance, the energy value (kcal/g) was given and the energy intake could 

be calculated (27).  

Another article gave the diet instructions as amounts of fat, protein and carbohydrates. By 

looking up the calorie content in the different energy sources, the energy intake was derived 

(28). 
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3.2 Part two - Model development 

 

Non-linear mixed-effects modeling using NONMEM 7.2 was used to model the summary 

level data.  

All models consisted of two compartments, one for weight and one for the presumed 

intermediate, insulin sensitivity (IS). IS was assumed to affect FPG as shown in Equation 8 

below. To mimic the decrease of both weight and FPG which was seen in the data, a stepwise 

inhibitory effect was added to the input or output for both parameters. The inhibitory effect 

was an estimated parameter with an individual variability to model the decreases in both 

compartments. When evaluating the three base models, OFV:s were toghether with VPC:s 

and goodness-of-fit (GOF) plots the conclusive methods for deciding which underlying 

hypothesis was the most accurate.  

Insulin sensitivity (IS) is normalized between 0 and 1 using the logit transformation. A logit 

transformation is made by conforming the initial value to a value between – ∞ and ∞ using 

Equation 4. This value is then used in the solving of the differential equations in the model. 

As the differential equation is solved, your value is transformed back to value between 1 and 

0 by using Equation 5, to be put into the FPG equation. This shape of the logit function is 

shown in Figure 1, and would be that one starts with a value on the y axis that is transformed 

into a value on the x axis, this value is then used in calculations outputting an new value (on 

the x axis), this new value is then transformed back to a final value on the y axis that can be 

used for further calculations, ensuring that the end variable will be between 0 and 1 

independent of the estimated parameter. 

 

Figure 1: Plot of a logit in the domain of 0 to 1. The base of the logarithm is e.   
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    (4) 

  
  

    
    (5) 

As a FPG lower of 72 mg/dl is  by definition the lowest healthy FPG(29), 72 was thereby used 

as a lower boundary when calculating the FPG values based on the transformed IS values 

from the differential equations in the model. This means that if you have a normal insulin 

sensitivity, corresponding to IS=1, FPG will be 72 based on Equation 8. If you on the other 

hand have very low insulin sensitivity this will naturally correspond to a higher FPG, which is 

the case for all individuals in this study. 

As the different studies included in the data consists of various number of participants (NP), it 

is necessary to implement a function in NONMEM to place more emphasis on the studies 

with a larger amount of participants than with smaller ones. By dividing the residual error 

with the square root of the number of participant for each study, the residual error would 

decrease as the number of participant increases.  A low residual error implies more 

trustworthy data. 

3.2.1 Model 1 

A base model with the purpose to fit the data with no underlying assumptions for the 

relationship between weight and FPG was constructed, shown in Figure 2.  

 

Figure 2: Schematic picture of Model 1. 
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As seen in the figure, the compartments are unrelated to each other, one can therefore see 

Model 1 basically as two separate models, one for the change of weight over time due to one 

effect and one for the change of IS (and thus FPG) over time due to another effect, the only 

thing connecting them is the appearance in the same model file. Due to this independence 

between the variables FPG and weight, this model is anticipated to perform the best. 

Calculations were made by the following equations.  

Initial conditions (for all models): 

   

  
         

   

  
         

Where LGIS is the logit transformed value for the baseline IS. 

For weight: 

   

  
                       (6) 

Where dWT/dt is the change of weight over time, KoutWT the rate of which the weight 

changes with and EFFwt the estimated effect inhibiting the weight input. 

For IS: 

   

  
                         (7) 

Where dIS/dt is the change of insulin sensitivity over time, KoutIS the rate of which the IS 

changes with and EFFis the estimated effect inhibiting the IS output. 

For FPG: 

    
  

  
    (8) 

3.2.2 Model 2 

Model 2 was constructed with a shared effect (“EFF”) for weight and insulin sensitivity as the 

underlying mechanism, Fel! Hittar inte referenskälla.. This model then assumes there is an 

underlying mechanism, changed as an effect of the diet, which affects weight and IS 

independently, but with the same magnitude. 
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Figure 3: Schematic picture of Model 2. 

The effect is assumed to affect the input for weight and the output for IS, this corresponding 

to an inhibition of weight input leading to a decrease in weight, and an inhibition of output for 

IS leading to an increase in IS, resulting in a FPG drop. The equations are similar to the ones 

for Model 1, different only in the terms of the already mentioned effect and its locations. 

For weight 

   

  
                     (9) 

For insulin sensitivity 

   

  
                      (10) 

3.2.3 Model 3  

The last version of model is one where the change of weight is supposed to directly affect the 

insulin sensitivity and further FPG, see schematic overview in Figure 4. Hence, the effect of 

the diet is on weight alone, and the change in fat mass is improving the insulin sensitivity. 
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Figure 4: Schematic picture of Model 3 with a relative dWT. 

The way the weight affects insulin sensitivity was implemented in two ways. One in which a 

relative change in weight was used to affect the insulin sensitivity and one where the absolute 

change in weight is the driving force. The equations for both methods can be seen below, in 

Equation 11 and Equation 14 for the relative and the absolute, respectively. In the case where 

the relative weight change was used, it was put on the output for the insulin sensitivity.  The 

reason for this is because the ratio in Equation 11 is decreasing with decreasing weights and 

consequently inhibiting the rate of change for insulin sensitivity. As for the absolute change, 

the weight change effect is affecting the input for the insulin sensitivity by stimulating it. A 

lower weight here gives a larger value of dWT and thus a larger stimulation. FPG for Model 3 

was otherwise calculated similarly as for Model 1 and 2, see Equation 8. 

Equations for Model 3 relative: 

    
  

    
   (11) 

   

  
                     (12) 

   

  
                      (13) 

dWT being the relative change of weight at a certain time and EFF the estimated effect on 

weight input. 
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Equations for Model 3 absolute: 

                (14) 

   

  
                     (15) 

   

  
                      (16) 

dWT being the absolute weight change at a certain time. 

3.2.5 Covariates 

The covariate relationships tested are shown in Table 2 below. All were implemented with a 

continuous exponential relationship by using Equation 17, theta being an estimated value 

ranging between -∞ and ∞. Missing data points were substituted to the medians of the 

covariates.  

                         (17) 

The possible covariate relationships were evaluated by stepwise covariate model building 

(SCM), a built-in PsN function. By making a complementary file to the original model file 

with information about which covariates to test on which parameters with what method, the 

program performs the evaluation automatically by the following procedure.   

Initially a so called forward method was run. The covariates were added one by one to the 

original model file to see if they caused a significant drop in OFV, if so, the covariate 

relationship which resulted in the largest significant drop, was inserted in the original model 

file and used as the new “base”-model. Based on that new “base”-model, all remaining 

covariates were again tested, one by one, to evaluate which one that now gave the largest 

significant OFV drop resulting in yet a new “base”-model, this was then repeated until no 

further significant drop was seen. The significance was specified to 5%, which with one 

added parameter corresponds to an OFV drop of 3.84.  

To further test the importance of the covariates a backward elimination was used. The 

significance was then set to 1%, corresponding OFV drop then being 6.63. During a backward 

elimination the covariates included in the forward step are eliminated one by one from the 

model and if the OFV increases with less than what is necessary for the chosen level of 

significance, it is removed from the final model.     
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To test the reliability of the importance of the covariates a bootstrap SCM was run. The 

bootstrap is also a function built-in to PsN, meaning that the program creates new datasets for 

each run, by sampling the individuals from the original dataset. By using this method, one can 

see in how many of the re-sampled datasets the different covariates will be significant, thus 

evaluate with which confidence they are included in the models.  

Table 2: Showing which covariates that were tried on what parameters for Models 1 and 2. The 

parameters being BLWT, KoutWT, BLFPG, BLIS, KoutIS, EFFwt, and EFFis and the covariates being 

age, diet, baseline BMI and disease duration. 

Parameters/Covariates Age Diet BMI DDuration 

BLWT X    

KoutWT  X X  

BLFPG    X 

BLIS   X X 

KoutIS  X X X 

EFFwt  X   

EFFis   X X 

 

When using diet as a covariate, the effect from the diet was calculated as the ratio of the 

amount of calories provided per day during the study and the basal metabolic rate (BMR), 

Equation 18. BMR calculated by Equation 19, is based on baseline weight (BLWT) and takes 

into consideration the fraction of men (MFRAC) and women (FFRAC) in each study. The 

other covariates were used as provided. 

         
               

       
  (18) 

In which 4.18 being the conversion factor for diet from kcal to kJ. 

                                                       

                 (19) 
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4. Result  

4.1 Part one – Evaluation of data 

 Range (min-max) Mean Median 

BLFPG 91-321 238 mg/dl 238 mg/dl 

BLWT 93-118 kg 105 kg 106 kg 

Disease duration 0.8-13.3 yrs 5.64 yrs 8.9 yrs 

 

The dataset was checked by plotting FPG vs. time and weight vs. time individually for all 

subgroups, and by plotting FPG vs. time for all of them together, see Fel! Hittar inte 

referenskälla.. The figure shows that the decrease for FPG is very steep at the beginning, and 

then flattens. For weight, less steep curve is observed that do not reach a plateau.  

 

Figure 5: Showing how weight (green) and FPG (blue) are varying over time. Rhombs  are representing 

each measurement in the dataset. Solid lines are showing the means. 

To get a hint of how the data would act when putting weight and FPG in relationship to each 

other, plots of weight versus FPG were made. The curve has a small tendency of leaning 

upwards which indicates that FPG increases with increasing weight, as assumed. This is 

however not taking the effect delay between the two variables into account. 
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Figure 6: Showing how weight is varying with increasing FPG, each set of dots represents one individual 

(e.g. one study). 

4.2 Part two – Models 

Base models.  Final OFV of the base models (models without covariates) is shown in Table 3. 

Model 1 had the lowest OFV of all the models. This is not very surprising as it was expected 

to fit the data without any relationship between WT and FPG.  When comparing remaining 

models (2, 3 rel and 3 abs) Model 2 is clearly the best in terms of OFV. This is not surprising 

either as the plots of FPG versus time and WT versus time showed that the effect of diet has a 

quicker onset for FPG than for weight and weight could therefore not explain the reduction in 

FPG. As mentioned above, a low OFV indicated a good fit of the model to the dataset.  

Table 3: Objective function values for all models without covariates. 

Model OFV 

1 801 

2 818 

3 rel 833 

3 abs 918 

 

During the project a range of different effect relationships were examined, such as Imax, 

Emax and putting the effect on input or output. At last it was decided to set the stepwise 
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inhibitory effect on weight input and on IS output as a linear relationship was the best 

descriptor according to OFV. And this also explained the underlying mechanisms for the 

decrease as well as possible. 

The final estimates for all four models are shown in Table 4. As seen, two different values for 

BLFPG are given. BLFPG* being the value for the nondiabetic individuals from one of the 

studies (13). All estimates seem reasonable compared to for example the mean and median of 

the baseline weight and FPG for the population. Model 3 abs differed most, which also is seen 

in the significantly higher OFV value.  The majority of the models are very similar in their 

estimates, although Model 3 abs is a bit off in terms of BLFPG (210 compared to ~240)  and 

KoutIS (0,02 compared to ~0,15). Based on the assessment from OFV, goodness-of-fit (GOF) 

plots and VPCs, we concluded that Model 3 has the worst fit and therefore the subsequent 

covariate modeling does not include this model. 

Table 4: Showing the final estimates of all base models, e.g. no covariates added in the model files; the 

population trend (% CV). Values are *-marked if they differed between diabetics and healthy individuals 

where * indicates healthy.  

Parameter Model 1 Model 2 Model 3rel Model 3abs 

BLWT 104 (7.14 %) 104 (7.14 %) 104 (7.14 %) 104 (7.14 %) 

BLFPG 242 (19.7 %) 244 (21.4 %) 240 (20.7 %) 210 (23.7 %) 

BLFPG* 88.1 87.3 85.1 82.8 

KoutWT 0.0108 0.0100 0.0108 0.0105 

KoutIS 0.176 0.175 0.141 0.0263 

EFFwt 0.689 (14.5%) - 0.689 (14.5 %) 0.683 (14.8 %) 

EFFis 0.701 (58.3 %) 0.678 (10.0 %) - - 

RESWT 0.019 0.019 0.019 0.019 

RESFPG 0.404 0.489 0.523 0.963 

 

Covarite models: In Table 5 the result of the evaluated covariates is shown. At last five 

covariate relationships were selected from the SCM for Model 1 and four for Model 2.In 
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common for both models were  KoutWT and KoutIS with BLBMI and RDIET,  and for 

Model 1 RDIET on EFFwt was also significant. Most significance seen was with RDIET at 

KoutWT e.g. the impact of the amounts of calories provided per day on the rate of weight 

change. BLBMI’s impact on KoutWT,diet on KoutIS and diet on EFFwt were not 

physiologically relevant and therefore not used in the final models. It was concluded that their 

assumed effect  reflected a result of the study design rather than the actual variability due to 

the covariates. Concequently, only KoutWT with RDIET and KoutIS with BLBMI were used 

in the final models. 

Table 5: Showing which covariate relationships were tried out and if they were significant based on drop 

in OFV compared to the base model e.g. Model 1 or 2 without covariates. Values based on combined 

covariates after both forward and backward elimination. 

Parameter-COV Model 1 

(ΔOFV) 

Model 2 (ΔOFV) Significant 

(>6,6349) 

BLWT-AGE - - NO 

KoutWT-RDIET -103 -91.9 YES 

EFFwt-RDIET -8.63 - YES/NO 

KoutIS-RDIET -23.3 -20.5 YES 

KoutIS-BLBMI -15.31 -12.7 YES 

BLIS-BLBMI - - NO 

EFFis- BLBMI - - NO 

KoutWT-BLBMI -17.3 -21.8 YES 

BLIS- DDuration - - NO 

KoutIS- 

DDuration 

- - NO 

EFFis-DDuration - - NO 
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In Fel! Hittar inte referenskälla. the final estimates for the final models with the covariate 

effects are shown. “KoutWT-RDIET” is corresponding to the diet effect on KoutWT and 

“KoutIS-BLBMI” corresponding to the BLBMI effect on KoutIS. Their values implicate the 

magnitude of the effect from the covariates on the parameters. As seen, the absolute value for 

KoutWT-RDIET is significantly larger than the one for KoutIS-BLBMI which agrees with the 

conclusion from the OFVs. The remaining parameter estimates seems correct, compared with 

means and ranges of the data. 

Table 6: Showing the final parameter estimates for the final models with included covariates; the population 

trend (% CV). Values are *-marked if they differed between diabetics and healthy individuals where * 

indicates healthy.  

Parameter Model 1 Model 2 

BLWT 104 (6.80 %) 104 (6.78 %) 

BLFPG 243 (16.9 %) 242 (20.3 %) 

BLFPG* 87.8 86.7 

KoutWT 0.0149 0.0147 

KoutIS 0.334 0.216 

EFFwt 0.674 (24.0%) - 

EFFis 0.857 (85.6 %) 0.683 (15.5 %) 

RESWT 0.0113 0.0112 

RESFPG 0.381 0.488 

KoutWT-

RDIET 

-6.73 -6.98 

KoutIS-

BLBMI 

0.267 0.162 

OFV 716 740 

 

The results from the bootstrap scm for Model 2 can be seen in Table 7 below. As one can see 

the covariate relationship that was proven to be significant in most simulations was the diet 

effect on the output parameter for weight (KoutWT). This agrees with the result from the 
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SCMs and it can therefore be included with a bit more confidence for this particular model. 

Other relationships that were included to a high extent were age on baseline weight, diet on 

output for IS and baseline BMI on output for weight. But as mentioned above, these are not 

physilogically explainable and are therefore disregarded.   

Table 7: Showing the results from the bootstrap SCM for Model 1 with 75 samples. The magnitude of the 

significance for the different relationships are given as percentage of in how many bootstrap samples they 

were seen significant i.e. in how many they resulted in an OFV drop larger than 3.84. 

Parameter-COV Significance (% of runs) 

BLWT-AGE 63.2 % 

KoutWT-RDIET 69.7 % 

KoutIS-RDIET 43.4 %  

KoutIS-BLBMI 50.0 % 

BLIS-BLBMI 9.21 % 

EFFis- BLBMI 25.0 % 

KoutWT-BLBMI 50.0 % 

BLIS- DDuration 6.58 %  

KoutIS- DDuration 40.8 % 

EFFis-DDuration 11.8 % 

 

Shown in Figure 7 and Figure 8, are the individual plots (one for each study) of the fit for the 

final Model 2; Model 1 has very similar plots and is therefore not displayed. The plots were 

done in R-studio version 2.14.2 with the library pacakge Xpose 4. DV is here being the 

observations for each study, IPRED the individual (for each summarized study) predictions 

and PRED the population prediction (e.g. for all studies).  The fit to the weight data turned out 

very good with the IPRED nicely predicting the observations of each study. For FPG, the 

IPRED was not equally but sufficiently good. 
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Figure 7: Individual (study arm) plots of weight for Model 2 final. 
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Figure 8: Individual (study arm) plots of FPG for Model 2 final.  

VPC is a tool used to evaluate the predictive performance of the models by comparing 

percentiles for observed data with percentiles of data simulated. By doing repeated 

simulations, one can see how well the simulated data predicts  the data, and thereby evaluate 

the model. This was done by using the PsN VPC function, with 1000 simulated datasets. R-

studio version 2.14.2 was then used to do the plots. An 80% prediction intervals was used due 

to the low number of study arms in the dataset. In Figures 10-13 the pink area is 

corresponding to 80% prediction interval for the simulations, red line to the median of the 

simulations, black line to the median of  the observations and the black dots to the observed 

datapoints. Simulations for both compartments showed good predictive performance, with the 

simulation median line inside the confidence interval. As seen in Figures 10-13 no visible 

difference could be established between the two final models from the VPC.  
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Figure 9: VPC for Model 1, regarding the weight compartment. The plot is based on 1000 simulations. 

 

Figure 10: VPC for Model 1, regarding the FPG compartment. The plot is based on 1000 simulations. 
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Figure 11: VPC for Model 2, regarding the weight compartment. The plot is based on 1000 simulations. 

 

Figure 12: VPC for Model 2, regarding the FPG compartment. The plot is based on 1000 simulations. 
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5. Discussion 

In this study it was shown that the model containing an unknown underlying mechanism 

affecting weight and by an intermediate effector FPG (Model 2), described the connection 

between weight loss and FPG better than the model assuming that weight has a direct impact 

on FPG via an intermediary effect (Model 3). Model 1, which showed the best fit, is the 

reference model and not relevant to compare as its physiological properties contradicts the 

purpose of this study. Previous studies has suggested physiologically reasonable mechanisms 

for both of the hypotheses regarding models 1 and 2, which implicates that none of them 

essentially is wrong, but rather that one is contributing more to the final decreases in FPG and 

weight (22-24).  Note that in all studies used in this work, the weight loss shows a less steep 

decrease not reaching the steady-state while FPG has a large drop initially and then plateaus. 

This contradicts the theory of weight directly affecting FPG, and a worse fit for the 

corresponding model (Model 3) were thereby expected.  

Fasting plasma glucose will change in diabetic patients when the diet is changed. This is 

related to combined processes: i) reduction of glucose ingested, ii) hormonal regulation at 

starvation and iii) the total fat mass in the body. The selection of data for this analysis will 

have an impact on the models selected as the best. In all studies investigated the subjects were 

on VLEDs. The effects seen on FPG are likely to be related to the massive reduction of 

glucose intake as well as the near starvation situation. It is thus not strange that the main 

driver for the change in FPG in these data is an underlying mechanism affecting both weight 

and FPG independently. In a clinical situation, where the subjects are gradually changing the 

calorie intake, it may be that the effect on FPG would be related to changes in fat mass, i.e. 

weight. Additionally, as the analyzed studies did not include exercise, the participants in the 

studies were rather advised not to exercise, the effect of changes in fat mass, i.e. weight, 

would be diminished. In a normal situation where a diabetic patient is changing his/her life-

style it is likely that all processes, including change in fat mass, would impact the FPG and 

weight changes may be more predictive of FPG changes. This could be an interesting aspect 

to look at in further studies regarding the subject.  

When looking at the covariate relationships and evaluating what parameters that are most 

physiological plausible to keep in the model, the data sometimes contradict what’s 

physiologically correct. For instance one could assume that BLWT would increase with age at 

least for the range of ages among the subjects in the utilized studies, but according to the data 

the opposite occurs. The relative diet could possibly have an effect on KoutIS, assuming that a 
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lowered calorie intake would increase the rate of which the insulin sensitivity changes, but for 

the models in this study the opposite is suggested i.e. that the rate of change for insulin 

sensitivity decreases with a decrease calorie intake which is not plausible. The covariates 

investigated in the study are on a study arm level and the interpretation of the covariates 

relationships are slightly different than with individual level covariates. This could also be an 

explanation for the spurious covariate relationships found significant in this analysis.  

As the summarized data only consisted of 13 studies where each study contained population 

data which was assumed as one individual, an evaluation of the models based on a bigger 

dataset might be necessary. A potential problem from this approach is that the results we 

obtained may be due to differences in study design and not from the individual variations or 

the underlying mechanisms. 

The stimulatory diet effect on KoutWT on the other hand is suggesting that lower calorie 

intake per day would lead to a higher rate of weight loss (i.e. a quicker decrease in weight), 

which is expected. Diet could theoretically also affect the input effect, as a lower calorie 

intake would very likely increase the inhibitory effect on the input, resulting in a larger 

decrease in weight, but when evaluating this relationship for the models, no such connections 

could be seen. 

Another parameter that was very likely to affect the results of the studies was the disease 

duration. A patient who has suffered from diabetes for a longer period of time would 

supposedly be less likely to respond to the diet therapy (13). However, this was not seen from 

the study.   

For all studies, the subjects were not actively treated for their diabetes during the dieting. A 

washout period ranging between 3 and 14 days were in most cases carried out before the start 

of the studies. In one study the subjects were also analyzed pre-dieting(20). The range of these 

wash out periods may be a confounding factor in the performed analysis. For example, if the 

subjects are usually insulin dependent, their FPG is most likely to increase during the first 

days after quitting the foregoing insulin treatment. If the wash out period then is too short, the 

FPG values might still be increasing from quitting the insulin while simultaneously dropping 

due to the dieting. The FPG has not reached its new steady state when the diet is 

implemented. As a result of this, one would probably draw the conclusion of a smaller initial 

FPG drop than what is accurate.  
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6. Conclusions 

In conclusion, the model where an unknown underlying mechanism affects both weight and 

by an intermediary effect also FPG better explains the connection between weight loss and 

fasting plasma glucose than the model where weight directly affects FPG.  In addition to the 

structural model, diet size was found to be a significant covariate effect on Kout of WT and 

baseline BMI on Kout of IS. 
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