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A B S T R A C T

Background/Aim: The gold standard diagnostic for coeliac disease (CD) is subjective histological assignment of
biopsies into the Marsh score categories. It is hypothesized that discrete Marsh score categories can be quan-
titatively resolved into a continuum using discriminant equations defined using histological and gene expression
data. Therefore, the aim of this study was to use a combination of histological and gene expression data to
develop equations that classify CD patient biopsies into a quantitative Marsh score continuum which could be
used by clinicians to monitor CD treatment efficacy.
Methods: Both empirical and simulated gene expression and histological data were used to define predictive
Marsh score equations. The distances of treated sample biopsies from the Marsh score standards were de-
termined using the Mahalanobis distance calculation.
Results: Three function, high resolution discriminant equations derived from simulated data were used to ac-
curately classify 99.6% of simulated and empirically derived biopsy data. The first function resolved active
(Marsh type 3) CD from mild (Marsh type 1) CD. The second function resolved normal (no specific pathology)
biopsies from mild CD. The third function resolved active Marsh score 3 into a and b subcategories. Finally,
measuring the Mahalanobis distance enabled the conversion of discrete Marsh score categories into a continuum.
Conclusions: This proof-of-concept study successfully demonstrated that the discrete Marsh score scale can be
converted into a quantitative continuum capable of high resolution monitoring of patient treatment efficacy
using equations defined by gene expression and histology data.

1. Introduction

Coeliac disease (CD) is a chronic intestinal condition [1,2] that
currently affects approximately 1% of the United States and European
populations [3] and if left untreated may lead to an increased risk of
further complications, including carcinoma [4]. The American Gastro-
enterological Association recommends a biopsy to confirm the diag-
nosis of individuals suspected of having CD [5,6].

The histological assessment of duodenal biopsies and assignment
into a Marsh score category is qualitative and subjective however.
Therefore patients with mild or equivocal histological damage can be
assigned into a lesser Marsh score category more ambiguously than
patients with severe histological damage. It should also be noted that
some patients with mild histological damage may display severe
symptomology and vice versa. This ambiguity in diagnosis may impact
treatment or the ability to effectively monitor treatment progression in
patients [7–10].

Several studies have attempted to define high resolution, objective
equations that can be used to classify CD biopsies into discrete Marsh score
categories. IgA/IgG serology [11,12]; IEL counts with crypt/villous ratios
[13]; capsule endoscopy images [14]; immunohistochemistry data [15]
and histological analysis [16] have all been used to define classification
equations. However, these parameters all resulted in the definition of low
resolution classification equations capable of discriminating only between
healthy tissue and pathological tissue, and were deemed uninformative for
classifying mild or equivocal cases of CD. In contrast, gene expression
analysis using a CD qRT-PCR array defined the expression of genes asso-
ciated with discrete Marsh score categories [17] and have been used to
define discriminant equations capable of classifying patient biopsies into
discrete Marsh score categories. It is therefore hypothesized that the defi-
nition of discriminant equations using parameters derived from both
quantitative duodenal histological parameters and duodenal gene expres-
sion data will enable the high-resolution classification of CD patient biop-
sies along the Marsh score continuum.
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2. Methods

2.1. Experimental data

This study was reviewed by the institutional human research ethics
committee and was performed in accordance with the ethical standards
laid down by the Declaration of Helsinki (2013). All patients gave
written, informed consent prior to their inclusion in the study (approval
number HE13-184). Charlesworth et al., 2017 and 2018 studies con-
sisted of duodenal biopsy material sourced from patients who were
diagnosed with varying stages of CD (positive serology and positive
histology confirmed by an independent histopathologist working at a
commercial pathology laboratory), patients with treated CD and
healthy control patients. The duodenal biopsy histological parameters
used to formulate discriminant equations were derived from
Charlesworth et al., 2017 [16]. As stated in Charlesworth et al., 2018
the genes selected for the pPCR array were analysed using Cytoscape
from published expression datasets. The gene expression data used to
define the discriminant equations have been reported in Charlesworth
et al., 2018.

2.2. Generation of simulated histological and gene expression data

This study used two datasets, one consisting of histological data
[16] and one consisting of gene expression data [17]. For the eight
histological [16] and twenty-six gene expression [17] variables which
had a significant association with CD, large random Gaussian datasets
were generated using the mean and standard deviation of the original
study data for each variable (Random.org, 2010). This particular plat-
form used a Box-Müller transform; a technique for selecting in-
dependent, normally distributed random numbers from a source of
uniformly distributed random numbers [18,19]. This process has been
reported to be more computationally efficient than previous methods
and results in the randomness in a sample coming from the inherent
noise of the distribution [18,19]. Values which returned a negative
number for this technique were treated as zero (i.e. equivalent to being
not detected by gene expression analysis or unable to be measured
histologically). The quality of the simulated Gaussian datasets were
determined using Kolmogorov-Smirnov (K-S) normality and ANOVA
analyses (SPSS v22.0, IBM, USA) by comparing the simulated datasets
back to the original empirically-derived data.

2.3. Discriminant equation definition and testing

To generate predictive equations from histological and gene ex-
pression data, MANOVA and discriminant analysis was performed using
SPSS (v22.0, IBM, USA). The validity of the discriminant equations was
examined using a holdout analysis. Mahalanobis testing (SPSS v22.0,
IBM, USA; XLSTAT 2017, Addinsoft, USA) was performed to assess
potential alterations in centroid groupings and to quantify the distance
of individual biopsies from Marsh score standards.

3. Results

3.1. Definition of discriminant equations using both histological and gene
expression parameters

Definition of discriminant equations using empirical histological
data [16] and gene expression data [17] resulted in four discriminant
equations (Table 1). It was observed that function 1 was highly statis-
tically significant (p = 4 × 10−5) and accounted for approximately
89% of the total observed experimental variation. The canonical cor-
relation of function 1 was 0.999, which is extremely strong and in-
dicated that the patient biopsies were separated into discrete groups by
function 1 (Fig. 1A).

In contrast, function 2 accounted for 10% of the total observed
variation but did not make a significant (p = 0.085) contribution to
discrimination capacity of the equation. However, when function 2 was
also included in the classification equation the various Marsh score
grades were resolved into Cartesian quadrants (Fig. 1B). Definition of
duodenal biopsies using functions 1 and 2 provided moderate resolu-
tion between Marsh type 3a and Marsh type 3b patient biopsies. Marsh
type 3a biopsies were defined exclusively by the histological parameters
mean crypt goblet cells, mean villous length and mean lymphocytes,
which were all associated with active CD (Fig. 1B). Marsh type 3b
biopsies were defined by the histological parameter mean villous width
(an indirect measure of leukocyte infiltration) and the expression of
FGF7 and the immune genes HLA-E, CD117 (Fig. 1B). Recovery from
active CD (M3) towards a less pathological state (M1) were defined by
the histological parameters mean villous goblet cells, mean plasma cells
and mean monocytes and the expression of S100a8, C5A, TGM2, CD11c
(a monocyte marker) and CD19 (a B lymphocyte marker) genes. Finally,
duodenal biopsies from subjects with no specific pathology were de-
fined by large negative mean infiltrative leukocytes and S100a9 gene
expression parameters. The negative coefficient of the mean infiltrative
leukocyte parameter indicated that the absence of leukocyte infiltration
correlated with a non-pathological (normal) duodenal biopsy (Fig. 1B).
The Marsh score category was predicted by the two functions with
100% accuracy using a standard function calculations (Table 2).
However, a more stringent holdout analysis was unable to be performed
due to the limited patient numbers in the pilot studies.

A two-function discriminant equation was used to classify the Marsh
score of patient samples as well as the samples from patients that had
undergone treatment with a gluten-free diet (TF1, TF7, TF10 and
TF21). Two other patients (TM1 and TF6) that had biopsies before and
after treatment (gluten-free diets) were also superimposed on the Marsh
score categories as well as patients given equivocal diagnoses (Fig. 1C).
Analysis of the histology and gene expression parameters from these
treated CD patients by the two-function equation produced a wide
distribution extending beyond the Marsh score category scale and
suggested that the treatment outcomes were heterogeneous for these
patients.

The before and after biopsies from (TM1 and TF6) demonstrated the
recovery of these patients from an active CD state (Marsh score 3) to-
wards Marsh score 1. The tracking of patients with before and after
treatment biopsies clearly demonstrated the potential high resolution
utility of these classification equations to map patient recovery pro-
gression after treatment imposition.

3.2. Generation of simulated histological and gene expression data using
Gaussian extrapolation of empirical patient biopsy data

Gaussian modelling of empirical CD histological [16] (Fig. 1) and
gene expression [17] (Fig. 2) data were used to generate simulated data
from either 100 hypothetical patients from each Marsh score category
(Marsh 0, 1, 3a and 3b; total of 400 data points) or 1000 patients from
each Marsh score category (Marsh 0, 1, 3a and 3b; total of 4000 data
points).

Table 1
Definition of four functions to discriminate Marsh score on the basis of sig-
nificant histological and gene expression variables for the original study cohort.

Function 1 Function 2 Function 3 Function 4

Eigenvalue 449.783 50.360 3.442 1.156
% of Variance 89.112 9.977 0.682 0.229
Cumulative Variance (%) 89.112 99.089 99.771 100.000
Canonical Correlation 0.999 0.990 0.880 0.732
Wilks' Lambda* 4.59 × 10−6 0.002 0.104 0.464
χ2 123.093 61.983 22.594 7.684
DF 68 48 30 14
P-value 4 × 10−5 0.085 0.832 0.905
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For the simulated gene expression dataset K-S testing indicated that
a normal distribution of data was achieved for the majority of the
parameters with 100 patients/study group with the exception of ALPI,
DEFA5, CD86, IFNG and CD11c. A normal distribution was also
achieved for all parameters in the 1000 patients/study group with the
exception of only TAP1 and CD11c genes. ANOVA testing of these
parameters demonstrated that there no significant differences between
the group means for any of these gene expression measures (Table 6).

Table 7 showed the results of K-S normality and ANOVA analyses
for the original empirically-derived treated CD histological data and the
data generated for 100 simulated treated patients and 1000 simulated
treated patients. K-S testing showed that a normal distribution of data
was achieved for all variables excluding mean monocytes for the 100
patient group and all variables excluding mean crypt goblet cells for the
1000 patient group, although the empirically-derived dataset was also
shown to not be normally distributed for both of these cases. No sta-
tistically significant differences were observed between the empirical

dataset means and the simulated data means for any of the parameters
except for mean villous goblet cells. Thus, these simulated gene ex-
pression and histological datasets mimicked the structure of the original
empirical data [16,17] and can therefore be used to investigate the
performance of the discriminant equations used to classify patient
biopsies along the Marsh score scale within larger datasets.

3.3. Using empirical data-derived discriminant equations to classify
simulated histological and gene expression data

The discriminant functions (Table 1), derived using empirical gene
expression and histological data were used to classify simulated histo-
logical and gene expression data defined for 100 and 1000 hypothetical
patients (Fig. 2). The empirically-derived equations produced low re-
solution separation of the Marsh score categories thereby suggesting
that these empirically-derived discriminant functions were unable to
successfully classify larger patient numbers and suggest that a larger

Fig. 1. Discriminant functions defined using empirical his-
tological and gene expression data. A. The distribution of
patient biopsy data into discrete Marsh score categories de-
fined using a single discriminant function. B. The resolution
of patient biopsies into discrete Marsh score categories using
two discriminant functions. C. The use of two discriminant
functions to define discrete Marsh score categories overlayed
with biopsy data from treated patients. Symbols: M0 (▲);
M1 (■); M3a (◯); M3b ( ) Patient biopsy data before and
after treatment imposition are indicated by crosses ( × ). The
arrows highlight patient trajectories after treatment. Post-
treatment only samples (◇). Samples from patients that re-
ceived an equivocal diagnosis (−).
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number of patient biopsies are required to generate discriminant
equations before these equations can be used to classify patients in a
clinical setting. Therefore, the larger simulated datasets were used to
define discriminant functions for Marsh score classifications.

3.4. Simulated data-derived discriminant equations

Redefinition of the discriminant equations using 100 patient simu-
lated gene expression and histological data (Table 3) generated a three
function equation. All three functions made a significant
(p < 0.00001) contribution to the discriminant power of the equation
and accounted for 100% of the observed variation (function 1:
76.645%, function 2: 17.210% and function 3: 7.145%). Each of the
functions had a large canonical correlation indicating that all of the
functions contributed significantly to the separation of the Marsh score
categories. Similarly, the 1000 patient simulated dataset also generated
a discriminant equation consisting of three significant (p < 0.00001)
functions each with a high canonical correlation (Table 3). The sum-
mation of the three functions accounted for all of the observed variance.

The distribution of the parameters that contributed to each Marsh
score category classification for the 100 and 1000 parameter datasets
are shown in Fig. 3A and B respectively. The three-function dis-
criminant equation defined by the 100 patient and 1000 patient si-
mulation data sets essentially used the same. However, slightly dif-
ferent parameters were used to classify the Marsh score categories. The
major parameters used by the three-function equation to define normal
(no specific pathology) duodenal biopsies were mean villous goblet
cells, mean villous length, mean monocyte and C5A gene expression. In
addition to these parameters, DEFA5 was also used by the 1000 patient
simulated data to define discriminant equations that classified normal
(no specific pathology) duodenal biopsies. For both the 100 and 1000
patient simulated data the Marsh score 1 category was defined by gene
expression parameters in the discriminant equation such as epithelial
structural genes such as CD326 (E-cadherin), cytokines such as IL15
and IL18 and immune marker genes such as CD203c and CD55. Active
CD (Marsh score 3) was clearly defined by a combination of im-
munological histology parameters (mean lymphocytes, mean in-
filtrative leukocytes, mean plasma cells, mean villous width) and mean
crypt goblet cells. Immune gene (IFNG, HLAE, CD117, CD19, CD11c,
CD54) and non-immune gene (TGM2, TAP1, FGF7, S100a9, s100a8)
expression parameters also contributed to the definition of the Marsh
score 3 category. However, using only the first two functions of the
equation insufficiently resolved the active CD into its subtypes (Fig. 3).

When the third significant function was included in the equation
both the 100 and 1000 patient simulated datasets active CD were re-
solved into the Marsh score 3a and 3b sub-categories (Fig. 4). Function
1 was responsible for separating Marsh score 0 and 1 from 3 (active
CD). Function 2 was responsible for further separating Marsh score 0
from 1 and Function 3 resolved active CD (Marsh score 3) into the sub-
classifications of 3a and 3b. Thus, all three functions were necessary for

high resolution classification of biopsies along the Marsh score scale.
The holdout analysis reported in Table 4 demonstrated that the three
function discriminant equation was able to correctly classify the data
into Marsh score 0, 1, 3a and 3b with 99% accuracy.

As a final verification of the validity of the simulated 100 and 1000
patient datasets a Mahalanobis analysis was performed to determine if
there were significant differences between the centroids of the Marsh

Fig. 2. Classification and resolution of (A) 100 simulated patients/group and
(B) 1000 simulated patients/group datasets by discriminant functions derived
from empirical histological and gene expression data. Symbols: M0 (▲); M1
(■); M3a (◯); M3b ( ); Treated CD (X).

Table 3
Definition of three functions that discriminate Marsh score on the basis of
significant histological and gene expression variables for 100 simulated pa-
tients/group or 1000 patients/group.

100 patients/group Function 1 Function 2 Function 3

Eigenvalue 23.726 6.398 2.241
% of Variance 76.645 17.210 7.145
Cumulative Variance (%) 76.645 92.855 100.000
Canonical Correlation 0.980 0.919 0.832
Wilks' Lambda* 0.002 0.048 0.309
χ2 2371.114 1152.125 446.858
DF 102 66 32
P-value < 0.00001 < 0.00001 < 0.00001

1000 patients/group Function 1 Function 2 Function 3

Eigenvalue 22.635 7.405 2.216
% of Variance 70.171 22.958 6.871
Cumulative Variance (%) 70.171 93.129 100.000
Canonical Correlation 0.979 0.939 0.830
Wilks' Lambda* 0.002 0.037 0.311
χ2 25710.396 13122.724 4649.782
DF 102 66 32
P-value < 0.00001 < 0.00001 < 0.00001

Table 2
Actual and Predicted Marsh scores for each patient using a standard calculation.

Actual Group Predicted Group (Standard)

M0 M1 M3a M3b M3c Correctly Classified

M0 13 0 0 0 0 1.000
M1 0 2 0 0 0 1.000
M3a 0 0 6 0 0 1.000
M3b 0 0 0 5 0 1.000
M3c 0 0 0 0 1 1.000

Overall Correct Classification Rate 1.000
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score classifications derived from equations generated using the em-
pirical data compared to the discriminant equations derived using the
simulated datasets (Table 5). There were no significant differences
between the centroid values using ANOVA analysis. Thus, simulated
patient clustering was not significantly altered with increasing data
points for generating the discriminant equations based on histological
and gene expression parameters.

3.5. Classification of simulated CD patient biopsies after treatment

Fig. 5 demonstrates the separation of the Marsh score categories
(M0, M1, M3a and M3b) overlayed with either the 100 or 1000 (Fig. 5A
and B, respectively) simulated treated CD patients, by all three gene
expression and histologically derived discriminant functions (functions
1–3). Interestingly, the majority of these simulated treated patients

were plotted between the groups of Marsh type 3a/3b and Marsh type
1. As expected there was an absence of simulated treated data that
intersected with the simulated non-specific pathology duodenal biopsy
cohort. This suggested that removal of gluten from the diet does not
result in the complete restoration of healthy mucosa.

Because most of the treated data did not coincide with the Marsh
score standards, the Mahalanobis distances between empirical before
and after treatment biopsies (TM1 and TF6) and the Marsh score ca-
tegory standards (i.e. M0, M1, M3a and M3b) were calculated (Fig. 6).
After treatment, the patient biopsies had shorter distances to the M1
standard compared to the active CD standards (M3a, M3b). Thus, by
determining the distance of the before and after treatment biopsies
from each of the Marsh score category standards treatment efficacy has
been quantified within the Marsh score continuum.

Fig. 3. Marsh score category two function dis-
criminant plots. Discriminant functions were defined
using simulated data from (A) 100 patient/group
dataset or (B) 100 patient/group dataset. The plots
was labelled with the eigenvectors of significant
predictive parameters for each Marsh score category
with the discriminant strength of each gene para-
meter indicated by the length of the line. Symbols:
M0 (▲); M1 (■); M3a (◯); M3b ( ).
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4. Discussion

This study has used histological and gene expression data to define
high resolution discriminant equations that correctly classified 99.6%
of duodenal biopsies from CD patients into discrete Marsh score

categories to create a continuum that was used to quantitatively follow
patient treatment progression.

Histology and gene expression data defined discriminant equations
with a small number of actual patient biopsies per Marsh score category
resulted in the definition of a single function that accounted for

Fig. 4. Marsh score category three function discriminant plots. Discriminant functions were defined using simulated data from (A) 100 patient/group dataset or (B)
100 patient/group dataset. Symbols: M0 (red); M1 (blue); M3a (green); M3b (orange). Arrows indicate the Marsh score categories resolved by the specific dis-
criminant functions.
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approximately 89% of the observed variation of the experimental data.
Once the position of the discrete Marsh score categories were defined,
biopsies from patients after various periods of treatments were over-
layed onto the Marsh score scale. Empirical data from the treated
biopsies spanned the Marsh score plot and extended beyond the ex-
tremities of the Marsh score classification standards (M0, M1, M3a and
M3b). Therefore, this single function was considered inadequate for
classification of a single biopsy from patients undergoing treatment.
However, it was clearly demonstrated that treatment progression could
be monitored using a discriminant equation if before and after treat-
ment biopsies were interrogated. Therefore, it was concluded that to
monitor treatment progression, higher resolution classification equa-
tions were required to accurately assign patient biopsies into Marsh
score categories.

Thus, larger random Gaussian datasets were generated based on CD
histological and gene expression empirical data [16,17]. The structures
of these larger simulated datasets were demonstrated to be statistically
similar to the empirical data that were used to produce them. Hence,
these larger simulated datasets were used to define the Marsh score
classification equations. Definition of discriminant equations using si-
mulated gene expression and histological parameters produced three
significant functions that accounted for 100% of the observed variation

in the simulated datasets and correctly classified 99% of the data. Even
though these equations were able to classify non-CD and mild (M1) CD
data correctly, they only had enough resolution power to correctly
classify Marsh score 3a data from 3b in 97% of cases.

Interestingly, each of the three discriminant functions stratified the
Marsh score categories in a binary fashion. For example, function 1
resolved active CD (M3 and 3b) from mild (M1) and non-CD (M0)
biopsies. Other studies that have attempted to quantitatively classify CD
were only able to classify between active CD and normal (no specific
pathology) intestinal tissue [11–16]. Function 2 was responsible for
separating mild CD (M1) from non-CD (M0) biopsies. This was achieved
by using both histological and gene expression parameters. Histological
parameters were the major determinants for resolving non-CD biopsies
with no specific pathology (M0), whereas, gene expression parameters
including epithelial structural genes, epithelial differentiation genes
and innate immune genes were responsible for defining the mild CD
(M1) category. Finally, function 3 was responsible for resolving the sub-
classifications of active CD (M3) into a and b subcategories, respec-
tively.

The three discriminant functions were able to resolve biopsy data
into the discrete Marsh score categories, which when overlayed with
simulated treated patient data can potentially be used to categorise the
treated patient samples into discrete Marsh score categories. However,
only a minor proportion of treated samples were co-localised with the
discrete Marsh score categories and suggested that biopsies from
treated patients existed as a continuum. Therefore, the calculation of
the mathematical distances of each treatment biopsy data point from
the centroid of each of the Marsh score category standards enabled the
quantitative assignment of the Marsh score indices to specific treatment
biopsies. Calculation of the Mahalanobis distance seemed most appro-
priate since it is a data driven metric that can ease the distance dis-
tortion caused by a linear combination of attributes [20–22]. Therefore,
by deploying this analysis methodology the potential exists to convert
the semi-quantitative, discrete Marsh score CD scale into a high re-
solution continuum that can be used to more accurately assess treat-
ment efficacy of CD patients.

However, before this can be considered as an objective quantitative
scale several important caveats must be addressed. First, definition of
these discriminant equations was based on gene expression and histo-
logical data reported in studies with extremely small sample sizes for
each of the Marsh score categories. Analysis of the simulated Gaussian
datasets reported in this current study has demonstrated that a larger
number of biopsy samples for each Marsh score category is required to

Table 4
Actual and predicted Marsh scores of the simulated 100 patients and 1000 patient populations using both standard and holdout calculations for the histological and
gene expression equations.

Actual Group 100 Predicted Group (Standard) 100 Predicted Group (Holdout)

M0 M1 M3a M3b Correctly Classified M0 M1 M3a M3b Correctly Classified

M0 100 0 0 0 100% 99 1 0 0 99%
M1 0 100 0 0 100% 0 100 0 0 100%
M3a 0 0 99 1 99% 0 0 98 2 98%
M3b 0 0 0 100 100% 0 0 1 99 99%
Overall Correct Classification Rate 99.8% Overall Correct Classification Rate 99%

Actual Group 1000 Predicted Group (Standard) 1000 Predicted Group (Holdout)
M0 M1 M3a M3b Correctly Classified M0 M1 M3a M3b Correctly Classified

M0 1000 0 0 0 100% 1000 0 0 0 100%
M1 0 1000 0 0 100% 0 1000 0 0 100%
M3a 0 0 974 26 97.4% 0 0 971 29 97.1%
M3b 0 0 1 999 99.9% 0 0 1 999 99.9%
Overall Correct Classification Rate 99.3% Overall Correct Classification Rate 99.3%

Table 5
Mahalanobis testing of centroid values from the equations derived from the
empirical data to the equations generated for 100 simulated patients and 1000
simulated patients based on histological and gene expression data. Overall, no
significant differences were detected with ANOVA analysis between any of the
centroid values (F = 1.2, p = 0.417). Please note: p-value was computed by
comparing the Mahalanobis values to a χ2 distribution with the same degrees of
freedom as the number of parameters, i.e. 3.

Function Centroid
(Empirical)

Centroid
(100
Patients)

Centroid
(1000
Patients)

Mahalanobis
Distance
(MD)

P-value
(DF = 3)

M0 Func.1 (X) −21.45 5.32 −5.77 3.1 0.38
M0 Func.2 (Y) −3.79 −3.09 −3.23 2.87 0.41
M1 Func.1 (X) −11.41 4.27 −3.62 1.22 0.75
M1 Func.2 (Y) 13.19 3.34 4.06 4.41 0.22
M3a Func.1 (X) 12.39 −5.64 4.73 3.11 0.37
M3a Func.2 (Y) 5.37 −0.70 −1.49 3.31 0.35
M3b Func.1 (X) 16.46 −3.95 4.66 1.46 0.69
M3b Func.2 (Y) −3.01 0.45 0.67 1.5 0.68
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Table 6
Kolmogorov-Smirnov (K/S) analysis of normality and ANOVA testing for the original treated CD and the hypothetical treated CD histological data generated for 100
patients and 1000 patients. Non-normally distributed parameters were shaded.
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Table 7
Kolmogorov-Smirnov (K/S) analysis of normality and ANOVA testing for the original and the simulated gene expression data generated for 100 patients/group
(n = 400 total) and 1000 patients/group (n = 4000 total). Non-normally distributed parameters were shaded.

(continued on next page)
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Table 7 (continued)

(continued on next page)
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Table 7 (continued)
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Fig. 5. Marsh score category three function discriminant plots overlayed with simulated treated patient data. Discriminant functions were defined using simulated
data from (A) 100 patient/group dataset or (B) 100 patient/group dataset. Symbols: M0 (red); M1 (blue); M3a (green); M3b (orange); simulated treated patient data
(grey). Arrows indicate the Marsh score categories resolved by the specific discriminant functions.
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define useful high resolution discriminant equations. Second, the ex-
perimental histological [16] and gene expression data [17] were de-
rived from a patient cohort that did not contain all Marsh score cate-
gories (i.e. Marsh score 2 and 3c were notably absent or under-
represented, respectively). Therefore, before a quantitative Marsh score
continuum can be realised enough biopsies representative of all Marsh
score categories must be used to define the discriminant equations.
Finally, the specific gene expression signature of CD must be determine
to facilitate the accurate classification of CD unambiguously from other
intestinal inflammation pathologies.

Nevertheless, this study has used histological and gene expression
data from empirical pilot studies to define simulated datasets which
were used to determine high resolution discriminant equations able to
quantitatively define the discrete Marsh score categories (M0, M1 and
M3a and M3b). In addition, statistical analysis of the discrete Marsh
score scale defined using gene expression and histological data gener-
ated equations may potentially convert the semi-quantitative, discrete
Marsh score scale into a quantitative high definition continuum capable
of accurately monitoring patient treatment progression.
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