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Abstract
Background  Inflammatory bowel disease (IBD) commonly refers to ulcerative colitis (UC) and Crohn disease (CD), 
which are chronic inflammatory diseases of the gastrointestinal (GI) tract of unknown etiology. This study has been 
conducted to examine whether there are different components in the data, and if these components related to the 
treatment and the Inflammatory bowel disease (IBD) score at baseline.

Methodology  This is a clinical study which consisted of 291 subjects, who divided over four treatment arms and 
were measured during a seven-week period. The number of weeks in the period Week 0ne through Week seven was 
considered as the outcome of interest, as well treatment and IBD score at baseline were considered as predictors. 
Different statistical methods such as explanatory data analysis and finite mixture model were employed to explore the 
outcome of interest.

Results  From the finite mixture model, two components were obtained. Most of the patients, 196(67.4%), were 
classified in the first component (P1). The deviance for single component of the mixture model corrected for the 
covariates was 1049.3 and that of the two components was 948.8. The effect of ibdsc0 was significant in both 
subpopulations with p-value = 0.0001 for subpopulation1, and p-value = 0.0422 for subpopulation2, and Exp 
(0.01) = 1.01 and exp(0.087) = 1.09 are the amounts by which the mean count (µ) is multiplied per unit change in the 
ibdsc0 for subpopulations 1 and 2, respectively.

Conclusions  The two components are not related to the treatment, and as a result, the treatment does not 
completely explain the presence of potential clusters in the outcome. Ibdsc0 partially explains the presence of 
potential clusters in the outcome.
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Introduction
Inflammatory bowel disease (IBD) commonly refers to 
ulcerative colitis (UC) and Crohn disease (CD), which are 
chronic inflammatory diseases of the gastrointestinal (GI) 
tract of unknown etiology. These chronic, life-long situa-
tions can be treated but not cured, and can significantly 
affect a patient’s quality of life and may have a high finan-
cial burden [1]. Ulcerative colitis, inflammation always 
starts in the rectum, ranges proximally a certain distance, 
and then brusquely stops. A clear demarcation exists 
between involved and uninvolved mucosa. UC mainly 
encompasses the mucosa and the submucosa, with devel-
opment of crypt swellings and mucosal ulceration. The 
mucosa naturally looks granular and friable [2]. Crohn 
disease, in contrast, involves of segmental connection by 
a general granulomatous inflammatory progression. The 
most vital pathologic feature is involvement of all layers 
of the bowel, not just the mucosa and the submucosa. 
Unlike UC, CD is discontinuous, with skip areas inter-
mingled between one or more involved areas [3].

Crohn’s disease is a long-lasting inflammatory illness 
of the gastrointestinal tract, with signs like chronic stom-
ach pain, diarrhea, obstruction, and perianal lesions [4]. 
Globally, the estimated incidence of CD ranges from 
0.58 to 20.2 cases per 100,000 person-years, whereas the 
incidence amount to 50–322 per 100,000 individuals [5]. 
Medical therapy used to treat CD comprises the catego-
ries of 5-aminosalicylates (5-ASA), antibiotics, cortico-
steroids, immunomodulatory, and biologics. Biologics 
are by far the strongest treatment for CD and are power-
fully suggested for patients with moderate-to-severe CD 
who failed to respond to conventional therapy [6].

The prominence of finite mixture models in the statis-
tical analysis of data is obvious in the continually grow-
ing rate at which researches on theoretical and practical 
aspects of mixture models look in the statistical and gen-
eral scientific literature; this is due to the reason that 
finite mixtures of distributions are extensively used to 
deliver computationally appropriate representations for 
modeling complex distributions of data on random phe-
nomena [7]. The primary main analyses regarding the 
use of mixture models was commenced about 125 years 
ago, and was fitted a mixture of two normal probability 
density functions through different means µ1 and µ2 and 
different variances σ12 and σ22 to some data [7]. Further-
more, the first recorded presence of the Finite mixture 
models in the recent statistical literature is in 19 cen-
tury in a paper by [8] that was used it in the framework 
of modeling outliers. After few years [9], used a mixture 
of two univariate normal distributions to examine a data-
set encompassing ratios of forehead to body lengths for 
1,000 crabs [10].

Regarding the modeling of count data, the fitting of 
a single Poisson distribution regularly forces a lot of 

structure on the data leading to difficulties such as over-
dispersion; the usage of mixture model allows a com-
promise between the homogeneous Poisson model and 
nonparametric models which, although avoiding strong 
distributional assumptions, have other drawbacks includ-
ing high-data dependency of model estimates [11]. 
Finite mixture models are broadly used to represent data 
produced by a heterogeneous population, where the 
observed data can be considered as arising from mul-
tiple latent subpopulations or components. Mostly, use-
ful when data is not homogeneous and appears to be 
generated from multiple underlying groups [12]. They 
allow for modeling populations with distinct subgroups 
that have different characteristics, and representing com-
plex distributions as a combination of simpler distribu-
tions. Besides, they provide flexibility in approximating 
arbitrary probability distributions. Instead of relying on 
a single distribution assumption, a mixture model com-
bines multiple distributions to Model multimodality in 
data, and Capture skewness, kurtosis, and other devia-
tions from standard distributions [13].

The objective of this study is, to investigate whether 
there are different components in the data and if these 
components related to the treatment and to the Inflam-
matory bowel disease (IBD) score at baseline. This is a 
longitudinal study which consisted of 291 subjects with 
1813 total observations, who divided over four treatment 
arms (0 = placebo, 1 = 1000 mg, 2 = 2000 mg; 3 = 4000 mg) 
and were measured during a 7-week period. The outcome 
of interest is the number of weeks in the period Week 1 
through Week 7 in which a value of IBD larger than 100 
was observed, as well treatment and IBD score at baseline 
were considered as predictors. The numbers of subjects 
who have IBD score larger than 100 are 169, and are pre-
sented by the following flow chart.

From Fig.  1 observed that from the 169 number of 
subjects who have IBDS > 100, there are 37 subjects 
who took the TA1(0 = P) = Treatment Arm (0 = placebo); 
40 subjects who took the TA2(1 = 1000  mg) = Treat-
ment Arm(1 = 1000  mg); 49 subjects who took 
TA3(2 = 2000  mg) = Treatment Arm (2 = 2000  mg), and 
43 number of subjects who took the treatment arm with 
4000 mg(3 = 4000 mg).

Methodology
Exploration data analysis (EDA) was done to gain some 
insight into the distribution of the outcome of inter-
est. For this reason, summary statistics and graphical 
description were used.

Rationale of using poisson and mixture models  Count 
Data are typically observed in many applied fields such as 
in actuarial science when assessing risk and the pricing 
of insurance contracts [14], like in genetics to model the 
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number of genes involved in phenotype variability [15]. In 
such case, the Poisson regression model is a widely used 
statistical tool for analyzing count data, particularly in 
medical research involving Crohn’s disease patients [16, 
17]. As a member of the generalized linear model fam-
ily, Poisson regression provides flexibility in modeling 
non-normal data distributions, which is advantageous in 
various research contexts [18]. However, it’s important to 
note that the Poisson model assumes the mean and vari-
ance of the count data are equal. In practice, count data 
often exhibit overdispersion (variance exceeds the mean), 
which typically occur with an excess of zeroes or extreme 
large values [19]. As a result, this model is not suitable 
for overdispersed data which can lead to underestimated 
standard errors and inflated Type I error rates [20].

Addressing overdispersion  In real-world data often dis-
play overdispersion, where the variance exceeds the mean. 
In such case, Finite Poisson mixture models accommodate 
this by modeling the data as a combination of multiple 
Poisson distributions, each with its own mean, effectively 
capturing the extra variability [7]. Besides, the population 
consists of unobserved subgroups with distinct character-
istics, and the Finite mixture models identify and model 

these latent subpopulations, providing a more accurate 
representation of the underlying data structure [3].

A finite mixture model is the probabilistic model that 
represents the data as a weighted combination of two 
or more probability density functions (PDFs), and the 
model assumes the data is generated from a combina-
tion of g component distributions [21]. It was fitted since 
it can be applied to data where observations originated 
from heterogeneous groups, and is a very popular statis-
tical modeling technique constitutes a flexible and easily 
extendable model class for counting unobserved hetero-
geneity and approximating general distribution func-
tions [17]. The general form of the finite mixture model is 
given as follows.

	

Yi
P

∼ Poisson (λ i) , where P ∼

∣∣∣∣∣∣
λ 1 λ 2 . . . λ g

p1 p2 . . . pg

∣∣∣∣∣∣
, 1, 2, 3, . . . , g,

Yi= the outcome of interest. i.e. the number of weeks for 
the ith subject in the jth (1 ≤ j ≤ g) subpopulation. The pop-
ulation from which the response measurement comes 
consisted of g number of subpopulations with propor-
tion of P1, P2, P3…Pg, and mean values of λ1, λ2, λ3… λg 

Fig. 1  Flow chart for the total subjects, the subjects with IBD score > 100 with separate subjects who took specific treatment
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respectively. After we have recognized the sensible num-
ber of components (subpopulations), and fitted a plau-
sible mixture model, deciding of interest. Therefore, this 
is often done based on posterior probabilities density 
function.

The mixing proportions πj are nonnegative and sum to 
one and the fij (yi) are the component densities, and we 
can refer to the fi (yi, π i) as densities since even if the 
vector is discrete, we can still view the fij (yi) as densities 
by the adoption of counting measure [3]. The posterior 
probability for observation i to belong to the jth compo-
nent is then given by the formula:

	 π ij = ( π ifij (yi)) /
∑ g

i=1
π (fij( yi ))

Where, πj and πij express how likely the ith subject is to 
belong to component j without taking into account and 
with taking into account the observed response value yi 
for that observation respectively. Classify observation i 
into component j if and only if.

	 π ij = Maxk (π ik) .

i.e., classify into the component to which observation i is 
most likely to belong [11].

The empirical proportions (P1, P2, P3.Pg) are computed 
directly from the data, reflecting the observed counts 
within each group. However, the estimated mixture pro-
portions (πj) are derived from the model and represent 
the probabilities of an observation belonging to a par-
ticular latent component [22]. If these values are close, it 
indicates that the model’s assumptions about the mixture 
structure and latent subpopulations are consistent with 
the actual data distribution. That is the observed data 
aligns well with the model’s estimated parameters. I.e., 
the mixture model has accurately identified the relative 
contributions of each subpopulation (or component) to 
the overall data distribution [23].

Model extension
Separate Poisson Models, adjusting for the given predic-
tors (treatment and ibd) were fitted. For two subpopula-
tions, the following Poisson models were proposed.

	
log (µ 1)
= β 10 + β 11dose1i + β 12dose2i + β 13dose3i + β 14ibdsc0i

	
log (µ 2)
= β 20 + β 21dose1i + β 22dose2i + β 23dose3i + β 24ibdsc0i

Where Yi ∼ Poisson (µk), µk is the expected count of yi for 
k = 1, 2. Placebo = 0 is the reference, dose1 = 1, dose2 = 2, 
dose3 = 3. This model assumes that at each covariate, 
the population consists of two sub-populations. The 

proportion of each sub-population depends on the given 
predictors, and the relation between predictors and the 
response is different for both sub- populations as well.

The modeling procedure can be summarized by the 
Fig. 2 flow diagram.

Nonparametric Maximum Likelihood Estimation 
(NPMLE) is an extension of Maximum Likelihood Esti-
mation (MLE) that estimates distributions or parameters 
without assuming a strict parametric form [24]. In the 
context of finite mixture models, NPMLE can estimate 
the mixing proportions (πg) and component distribu-
tions fg(x∣θg​)) without a parametric assumption, and it 
provides flexible estimation and works well for complex 
data structures [24].

Software  All analyses were performed using R version 
3.2 and SAS version 9.4. In addition, all tests were per-
formed at a 5% level of significance.

Results
Frequencies of the number of weeks in which the ibdsc 
value greater than 100 were summarized.

As it can be seen from Table 1, the frequency decreases 
across the weeks, but increased in the 7th week. More-
over, we can observe that the mean is 2.09 and the vari-
ance is 4.973, from this we can observe that there may be 
over-dispersion.

Below in Table  2 is given the number of observations 
with respect to the distribution of weeks across treat-
ment groups. It was revealed that each treatment has no 
the same number of observations through all the seven 
weeks. In 0 doses, there are 37 observations in the first 
week, but there are decreasing numbers of observa-
tions throughout the seven weeks; in dose 1, starting 
40 numbers of observations in the first week, and then 
different number of observations in each of the weeks 
were observed, and the same is true in all the treatment 
groups. It can be also revealed that there are highest (170) 
total number of observations in all treatments in the first 
week as compared to the other weeks, whereas there are 
smallest (94) number of observations in the last week. 
This indicated that the total number of observations was 
increasing missing their follow-ups as weeks increase. 
Moreover, the total number of observations in treatment 
group1 is the highest (203), whereas in the treatment 
group3 are the smallest (176). This difference can happen 
due to the reason that the number of subjects having IBD 
score > 100 are higher in treatment group1 and smallest 
in treatment group3.

Histogram of the number of weeks for which the ibdsc 
is greater than 100 was given (Fig. 3). And it was observed 
that the distribution of the number of weeks seems to 
have multiple modal values which might not be eas-
ily described by standard distributions. In addition, the 
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variance is higher than the mean (Table 1) which might 
indicate the presence of over-dispersion. Therefore, one 
way to take into account these problems is modeling 
underling heterogeneity using a finite mixture model.

Since the number of weeks is count data, it was rea-
sonable to assume Poisson distribution. Nevertheless, as 
the assumption is not met (variance is higher than the 
mean, Table 1), there might be over dispersion, and then 
this model could not be appropriate. As it was depicted 

Table 1  Frequency and summary measures of weeks
Weeks(Count) 0 1 2 3 4 5 6 7
Frequency 85 75 36 28 19 13 8 27
N Mean Std Dev Min Max
291 2.09 2.23 0 7

Table 2  Number of observations in each week across treatment groups for IBD score > 100
Dose Week Total (%)

1 2 3 4 5 6 7
0 37 28 26 21 25 28 18 183 (23.88)
1 40 25 24 27 28 28 31 203 (28.17)
2 50 24 22 25 28 26 25 200 (26.05)
3 43 28 23 22 18 22 20 176 (21.9)
Total (%) 170(23.3) 105(13.8) 95(12.2) 95(12.2) 99(13.0) 104(13.7) 94(12.3) 762 (100)

Fig. 2  Flow diagram of the modeling steps
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from the histogram as well as the summary statistics, it 
was observed heterogeneity as well as seems there is over 
dispersion among the weeks. For this reason, it is sensible 
to consider a model which accounts the multi-modality 
and over-dispersion problems, and then finite Poisson 
mixture model was fitted.

Finite mixture model fitting
After observing the variance becomes larger than the 
mean, and that of Fig.  3 which looks having multimo-
dality, we went to the model checking. We fitted three 
models, model one with a single component (assuming 
unimodal), model two is a mixture model with two com-
ponents, and the third model is a mixture model with 
three components. AIC and BIC of all the three models 
were determined as given Table 3.

As it was revealed from Table 3, the AIC as well as the 
BIC values of the model with two components are the 
smallest, and which is the indication that the model with 
two components has the best fit. Therefore, all analysis 
was done using this model.

Here to estimate the number of components, nonpara-
metric maximum likelihood estimation (NPMLE) was 
performed. The final fitted mixture model was with two 
components, and log likelihood value of -556.2931, and 
given as follows:

	

Yi
P

∼ Poisson (λ i) , where P ∼

∣∣∣∣∣∣
0.789 4.430
0.637 0.363

∣∣∣∣∣∣
, for i = 1, 2.

Table 3  AIC and BIC values of three fitted models
Model AIC BIC
Model With 1 component 506.857 559.945
Model With 2 components 468.338 503.776
Model With 3 component3 524.642 606.114

Fig. 3  Histogram of number of weeks in which ibdsc is greater than 100
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The plot of gradient function versus the parameter value 
(lambda) is presented (Fig. 4). From this figure, it can be 
clearly observed that the gradient function was less than 
or equal to one, which pointed that the estimated value of 
the parameters of the distribution function were the non-
parametric maximum likelihood estimates(NPMLE), and 
also these estimates are unique as the gradient function is 

identically one. Classification was done based on the fit-
ted mixture model, and as we can see from Table 4, the 
proportions are very close to the estimated components 
(π^). Most of the patients, 196(67.4%), were classified in 
the first component.

Table 4  Final number of components and classification of observations; estimates of covariates
Component Count Freq λ̂ π^ Pro Effect Estimate S.Error P-value

Intercept -4.335 0.492 < 0.0001
1 0 1 2 196 0.789 0.637 0.674 1 -0.157

0.008
0.237
0.204

0.507
0.970

3 -0.250 0.203 0.218
ibdsc 00.042 0.004 0.0001
Intercept 0.537 0.464 0.248

2 3 4 5 6 7 95 4.430 0.363 0.326 1 0.138
0.008

0.203
0.008

0.496
0.973

3 0.160 0.227 0.481
ibdsc0 0.008 0.004 0.0422

Total 291 1 1
Placebo = 0 is reference. 1 = 1000 mg, 2 = 2000 mg, count = weeks, freq = frequency, pro = proportion

Fig. 4  Plot of Gradient function
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Model extension
The deviance for single component of the mixture model 
corrected for the covariates was 1049.3 and that of the 
two components was 948.8. The change in the deviance 
of these mixture models is large, and which revealed that 
there might be evidence for the presence of mixture after 
correcting for the patient characteristics (covariates) in 
the model.

The result was given in Table  4, and adjusting for the 
treatment and ibd score at baseline, the fitted models for 
population 1(component 1) and population 2 (compo-
nent 2), respectively were given bellow:

	

log (µ 1)
= −4.335 + 0.10dose1i
+ 0.0086dose2 − 0.250dose3
+ 0.042ibdsc0

	

log (µ 2)
= 0.537 + 0.138dose1i
+ 0.008dose2 + 0.160dose3
+ 0.0087ibdsc0

In two of the components, the effect of treatment was 
insignificant (p-values for all the treatment groups are 
larger than 0.05 significance level, Table  4). Therefore, 
the treatment does not completely explain the pres-
ence of potential clusters in the outcome. In the other 
hand, the effect of ibdsc0 was significant in both sub-
populations, P-values < 0.05 significance level, Table  4). 
Exp(0.042) = 1.043 and exp(0.008) = 1.008 are the 
amounts by which the mean count (µ) is multiplied per 
unit change in the ibdsc0 for subpopulations 1 and 2, 
respectively. This showed that the patient characteris-
tics (ibdsc0) completely explain the presence of potential 
clusters in the outcome.

Components, their relationship, and covariates
As the variance is higher than the mean look at 
Table  1(4.973 > 2.09), and this indicates the presence of 
over-dispersion. Therefore, using the mixture model to 
account a data with such potential heterogeneity problem 
is very important. As a result, this is the justification that 
using the poison mixture model is needed.

The Poisson fitted models for the two components 
showed that though the effect of ibdsc0 is significant on 
both components, its effect is higher in component 1 
as its p-value = 0.0001 which is much more higher than 
the p-value = 0.0422 for the fitted model of component 
2. Besides, the multiplying factor of the mean count (µ) 
for component 1 is higher(1.043) as compared with the 
multiplying factor of the mean count (µ) for component 
2(1.008) per unit change for Inflammatory bowel disease 
score at baseline (ibdsc0).

We can also observe that the total subjects in subpopu-
lation 1 are higher (n1 = 196) as compared to that of the 
subpopulation 2 which are only (n2 = 96). However, there 
are only the weeks 1 and 2 included in this component, 
but the rest (weeks 3, 4, 5, 6 and 7) were included in com-
ponent 2. As of the number of subjects, the proportion is 
also higher for the component 1 which is 0.674 as com-
pared to that of the component 2 which is 1-0.674 = 0.326.

It should also be mentioned that the empirical propor-
tions (Pro) for both components are close to the esti-
mated mixture proportions (π^). This indicated that the 
model’s assumptions about the mixture structure and 
latent subpopulations are consistent with the actual data 
distribution. That is the observed data aligns well with 
the model’s estimated parameters.

Clinical implication of the predictors
Significance of the inflammatory bowel disease at base-
line (ibdsc0) suggested that the initial severity of the ibd 
symptoms at baseline intensely influences disease evolu-
tion or outcomes over the 7-week period. Higher baseline 
IBD scores may predict more weeks with severe disease 
(IBD > 100), highlighting the importance of early and 
accurate assessment of baseline disease severity in clini-
cal settings. Moreover, patients with higher baseline IBD 
scores may require closer monitoring and possibly more 
aggressive or tailored therapeutic interventions.

The finding that the different treatment doses did not 
have a statistically significant effect on the number of 
weeks with IBD > 100 raises concerns about the efficacy 
of these treatments in the context of this study. This 
can be due to the reason that the treatment may not be 
effective in altering the course of the disease within the 
7-week period. The study design, duration, or sample size 
may not have been sufficient to detect true effects.

Discussion
Using the Crohn Inflammatory bowel disease patients’ 
dataset, this study empirically explored, and determined 
whether there were different components in the data and 
if these components were related to the treatment (dose) 
and to the Inflammatory bowel disease (IBD) scores at 
baseline (ibdsc0) in Adigrat University, Adigrat, Tigray, 
Ethiopia. The Crohn Inflammatory bowel disease was 
examined over seven weeks along with the mentioned 
related risk factors, using Poisson mixture model analy-
sis. The empirical proportions (Pro) for both components 
are close to the estimated mixture proportions (π^). This 
is the indication that the observed data aligns well with 
the model’s estimated parameters, and this result is coin-
cided with the research studied by McLachlan, G., and 
Karlis, D., & Xekalaki, E. [11 & 22].

The predictor variable dose has insignificant effect on 
the number of weeks, and this is due to the reason that 
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the effect of each treatment group (0, 1, 2, and 3) on the 
number of weeks in which the patients stay can’t that 
much variability. Moreover, the length of time (seven 
weeks) may be short period of time to show the effect of 
the treatment groups, and there may be unmeasured fac-
tors. Of course, this result opposed for the result found 
from [4]. However, the Inflammatory bowel disease (IBD) 
scores at baseline (ibdsc0) has significant effect on the 
number of weeks, and this result was coincided with [6]. 
The significant effect of ibdsc0 on the number of weeks 
suggested that the severity of the disease at the start of 
treatment (follow-up) plays an important role in deter-
mining how long patients remain on therapy.

Conclusion
This study was consisted of 291 subjects and was divided 
over four treatment arms (doses). The measurement was 
taken during a seven week periods. The number of weeks 
in this period was considered as response variable; and 
treatment groups (doses) and inflammatory bowel dis-
ease score at baseline (ibdsc0) were taken as predictor 
variables. Finite Poisson Mixture Model, which takes into 
account heterogeneity of the outcome were fitted. And 
two different subpopulations (components) were identi-
fied. Patients were classified into the subpopulations for 
which they belong to base on the posterior probability.

Moreover, the relationship between the two compo-
nents and covariates were investigated by fitting Poisson 
mixture model adjusting to the covariates. Treatment 
effect was insignificant in both components, and this 
might be due to the short period of follow-up times. 
However, inflammatory bowel disease score at base-
line (ibdsc0) was significant in both components, and 
this showed that the severity of the disease at treatment 
starting time plays a vital role in exploring for how long 
patients can remain on treatments. Therefore, the treat-
ment does not completely explain the presence of poten-
tial clusters in the outcome of interest. Whereas, ibdsc0 
completely explains the presence of potential clusters in 
the outcome.

Since baseline IBD severity predicts outcomes, Baseline 
IBD scores could be used to stratify patients into different 
risk categories, allowing clinicians to prioritize resources 
and interventions for patients at higher risk of prolonged 
disease activity.

The lack of significance of the treatment effects shows 
the need of for further investigation. This is needed 
to reevaluate the efficacy of the treatment over a lon-
ger period; to explore whether specific subgroups may 
be benefited from the treatment, and to investigate the 
potential reasons for the treatment inefficacy. Therefore, 
Clinicians should consider these insights to optimize care 
for patients with Crohn’s Disease, particularly by focus-
ing on early identification and stratification of high-risk 

patients. It can also be recommended that the treatment 
should be researched by including other factors.
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