
  

  
 

 Abstract— The Interstitial Cells of Cajal (ICC) are specialized 

gastrointestinal (GI) pacemaker cells that generate and actively 

propagate electrophysiological events called slow waves. Slow 

waves regulate the GI motility necessary for digestion. Several 

functional GI motility disorders have been associated with 

depletion in the ICC. In this study, a validated Fast Random 

Forest (FRF) classification method using Trainable WEKA 

Segmentation for segmenting the networks of ICC was applied 

to confocal microscopy images of a whole mount tissue from the 

distal antrum of a mouse stomach (583 × 3,376 × 133 μm3, 

parcellated into 24 equal image stacks). The FRF model 

performance was compared to 6 manually segmented subfields 

and produced an area under the receiver-operating 

characteristic (AUROC) of 0.95. Structural variations of ICC 

network in the longitudinal muscle (ICC-LM) and myenteric 

plexus (ICC-MP) were quantified. The average volume of ICC-

MP was significantly higher than ICC-LM at any point 

throughout the antral tissue sampled. There was a pronounced 

decline of up to 80% in ICC-LM (from 3,705 μm3 to 716 μm3) 

over a distance of 279.3 μm, that eventually diminished towards 

the distal antrum. However, an inverse relationship was 

observed in ICC-MP with an overall increase of up to 157% 

(from 59,100 μm3 to 151,830 μm3) over a distance of 

approximately 2 mm that proceeds towards the distal antrum.  

Clinical Relevance—Mapping the regional variations of ICC 

networks will provide insights into the relationship between ICC 

distribution, slow waves, and resultant gut motility. This will 

improve techniques for the diagnosis and treatment of functional 

GI motility disorders 

I. INTRODUCTION 

Interstitial Cells of Cajal (ICC) are specialized pacemaker 
cells that aid in the coordination of motility in the 
gastrointestinal (GI) tract through the generation of 
electrophysiological events termed slow waves (SWs) as well 
as a mediator of neuro-hormonal signals [1]. Loss of ICC, both 
in terms of structural degradation and pathophysiology, has 
been elucidated as a key disease mechanism in several 
pervasive clinical conditions, including gastroparesis, chronic 
unexplained nausea and vomiting, and Hirschsprung's disease 
[2]. Furthermore, loss of ICC is also associated with aging, at 
a rate of approximately 13% per every decade of life [3], which 
may translate to an increased burden of GI disorders in aging 
societies. 

ICC form web-like network structures throughout the GI 
tract with several classes of ICC identified based on their 
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anatomical locations in the GI wall. There are three layers of 
rhythmically active ICC networks that are electrically 
interconnected within the stomach wall of the murine antrum. 
A dense layer of ICC is situated within the myenteric plexus 
(ICC-MP) sandwiched between the longitudinal and circular 
muscle layers of the GI wall, with subsequent protrusions of 
the connected ICC-MP network into the intramuscular spaces 
of the longitudinal muscle layer (ICC-LM) and circumferential 
muscle layer (ICC-CM) [4].  

Functionally, ICC mediate the propagation of SWs through 
a process called entrainment, where a syncytium of oscillators 
with different intrinsic frequencies converge to a single 
frequency with sustained phase-lags between the SWs 
generated by each ICC [5]. The ICC with lower intrinsic 
frequencies are entrained by neighboring ICC with higher 
intrinsic frequencies [6]. In the human stomach, gastric SWs 
are generally entrained to a single frequency of around 3 cycles 
per minute (cpm) and propagate in the antegrade towards the 
pyloric sphincter [1]. 

The present study utilizes a transgenic mouse model, 
enabling confocal imaging of full-thickness mouse gastric 
tissues [7]. A previously validated machine learning classifier 
[8] was employed to automatically segment ICC networks 
from the images. The segmented networks were then 
quantified for variations in terms of volume and thickness of 
ICC layer in the transmural direction with the aim of 
elucidating the ICC network transition in the distal stomach. 
Ultimately, this will facilitate a better understanding of the 
mechanisms underpinning the antrum/pyloric sphincter, and 
the diseases associated with its dysfunction, such as delayed 
gastric emptying [9]. 

II. METHODS 

A. Experimental Images 

Experimental methods were approved by the Université 
Libre de Bruxelles Animal Welfare Committee. A whole-
mount tissue sample was obtained from a transgenic mouse 
stomach expressing enhanced green fluorescent proteins in the 
c-Kit positive ICC [7]. A longitudinal image tile with a volume 
of 583 × 3,376 × 133 𝜇𝑚3 from the distal stomach was 
acquired using a multiphoton microscope (LSM780NLO, 
Zeiss, Iena, Germany). The image tile was composed of 
2 × 12 image stacks with 8% overlap, each with a volume of 
304 ×  304 ×  133 𝜇𝑚3 (Fig. 1(a-c)), and a spatial resolution 
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of 0.59 μm in the imaging plane and 1 μm in the transmural 
direction.  

 

 

 

 

 

   

   

Fig. 1. Confocal imaging data from mouse antrum. Shown are: (a) 
schematic and approximate location (red circle) where the confocal image 
tile was obtained, (b) cross sectional-projection of a segmented confocal 
volume block based on standard deviation of pixels. The longitudinal 
muscle (LM) layer (outlined in yellow) and myenteric plexus layer (MP) 
(outlined in red), (c) z-projection of all ICC over the region of the 
longitudinal muscle (LM) layer (top), and myenteric plexus layer (MP) 
(bottom), (d) the 6 randomly selected image subfields used to quantify the 
performance of the FRF model. The FRF model segmentations are 
outlined in red. 

B. Machine Learning Segmentation 

A previously validated machine learning model for 
segmenting ICC was implemented using the Trainable WEKA 
Segmentation plug-in in ImageJ [10]. Given the similarity to 
the type of data and accuracy of the previous validation step 
[8], the same Fast Random Forest (FRF) classifier was applied 
to the present dataset without further training.  

A total of six subfields of 59 ×  59 𝜇𝑚2 were randomly 
selected from each image stack at equal distance along the 
longitudinal direction to serve as validation of the performance 
of segmentation (Fig. 1(d)). Each subfield was manually 
labeled, and the performance of the FRF classifier was 
evaluated by comparing the segmentation results with the 
manually labeled datasets [8]. The true positive rate and false 

positive rate across these 6 different decision thresholds were 
used to plot the receiver operating characteristic (ROC) curve. 
Then, 8 performance measures, namely Dice Coefficient, 
Jaccard Coefficient, Rand Index, Sensitivity, Specificity, 
Precision, Accuracy, and F-measure were computed to 
evaluate the performance of the FRF model. 

Dice Coefficient is twice the overlapping area between ICC 

pixels in the manually segmented image and pixels identified 

by the classifier, divided by the total number of pixels in both 

images. Jaccard Coefficient is defined as the ratio of 

intersection between ICC pixels in the manually segmented 

image and pixels identified by the classifier, divided by its 

union. Sensitivity is the ratio between true positive (TP) 

pixels (i.e., the correctly identified ICC pixels by the 

classifier) and the total number of ICC pixels in the manually 

segmented image. As opposed to Sensitivity, Specificity 

measures the proportion of true negative (TN) pixels, non-

ICC pixels that are correctly identified by the classifier. Rand 

Index may be viewed as a measure of the percentage of 

correct decisions made by the classifier. Precision is the ratio 

between TP pixels and total number of identified ICC pixels 

by the classifier. Accuracy is the proportion of TP pixels 

relative to the total number of the pixel in the image. F-

measure is the harmonic mean between precision and recall 

for each image slice.  

C. Manual Identification of Transmural ICC Network Types. 

Following segmentation, each transmural slice (serosa to 

mucosa) was visually inspected to categorize image slices that 

belongs to the longitudinal muscle (LM) or the myenteric 

plexus (MP) region (Fig. 1 (b)) based on the networks of ICC-

LM and ICC-MP that could be observed. Networks of ICC-

LM were identified as the ICC close to the serosal surface 

with striated patterns following the LM fiber direction. 

Networks of ICC-MP were identified by its dense, 

bidirectional network following the LM layer.  

D. ICC Network Quantification. 

 Following segmentation of the ICC networks using the 

FRF classifier, the ICC density (𝜌𝐼𝐶𝐶) was computed for every 

slice in each image stack along the transmural direction 

(serosa to mucosa) and was found by taking the ratio of the 

number of pixels representing ICC over the total number of 

pixels in the image [8]. 

  Our previously developed method [8] was applied to define 

the boundaries of the MP region for analysis of ICC-MP. For 

each confocal block, the slice with the highest ICC density 

(𝜌𝐼𝐶𝐶,𝑚𝑎𝑥) was identified and subsequently the lower (a) and 

upper (b) transmural image slices corresponding to a density 

of 0.5𝜌𝐼𝐶𝐶,𝑚𝑎𝑥 were identified [8]. The total volume (𝜇𝑚3) of 

ICC-MP that lies between the transmural slice from a to b in 

each confocal block were computed taking the sum of the total 

number of voxels segmented by the FRF classifier multiplied 

by the voxel volume. Next, the network layer thickness in 𝜇𝑚 

was determined as follows,  

𝑇ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 =  𝑏 − 𝑎 + 1 (1) 
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Since ICC-LM is very sparse and not detected in most 
stacks, the boundaries of the LM region for analysis of ICC-
LM were determined manually as described in Section II.C.  

F. Analysis of Data 

Data are expressed as mean  standard deviation. Two-

sample t-test was used where appropriate to evaluate 

differences in the data. P-values of less than 0.05 were 

considered statistically significant. The data were evaluated 

for n=24 confocal image stacks that make up the longitudinal 

antral image tile. 

III. RESULTS  

A. Performance of FRF Machine Learning Model 

The ROC curve as shown in Fig. 2(a) with the resultant area 
under the receiver operating characteristic (AUROC) found to 
be 0.95, indicating an excellent performance. In addition, the 
average performance of the binary classifier was further 
evaluated for its Dice Coefficient (83±11%), Jaccard 
Coefficient (72±15%), Rand Index (95±2%), Sensitivity 
(75±17%), Specificity (99±1 %), Precision (95±3%), 
Accuracy (72 ±15 %) and F-measure (83 ±11%).  

 

Fig 2. Performance of the FRF model. (a) The ROC curve for predicting 
ICC networks in a 2D image slice throughout the confocal images of the 
distal gastric tissue strip. (AUROC = 0.95). (b) Spider chart depicting 
evaluation based on 8 performance measures. 

B. ICC-LM & ICC-MP spatial distribution 

Figure 3(a) reveals pronounced decline longitudinally in 
the ICC-LM network volume within the LM layer from 
proximal to distal antrum. ICC-LM declined from 3,705 μm3 
to 716 μm3 (80.7%) over a distance of 279.3 μm in the distal 

direction (i.e., from the 2nd to 3rd data point in Fig. 3(a)). 
Comparatively, ICC-MP increased in volume as it proceeds 
towards the distal antrum from 59,100 μm3 to 151,830 μm3 

(156.9 %) over a distance of approximately 2 mm in the distal 
direction, as shown in Fig. 3(b). The average volume of ICC-
MP was also higher than the average volume of ICC-LM 

(92,791  35,649 μm3 vs 869   1,552 μm3; p-value<0.001).  

 

 

Figure 3: The network volume (μm3) distribution of (a) ICC-LM and (b) 
ICC-MP across the imaged antral tissue strip. 

The average thickness of the LM layer was 8.4  3.3 μm and 

the average thickness of the MP layer was 15.4  4.9 μm. 
There was a noticeable increase in the thickness of the MP 
layer from the average thickness of 14 μm to 22.5 μm at 
approximately 710 μm in the distal direction of the antrum, as 
shown in Fig. 4(b). 

  

Figure 4: The distribution of the (a) LM layer and (b) MP layer thickness 
(μm) across the longitudinal antral image tile. 

IV. DISCUSSION  

We have extended our ongoing investigation [8] for the 
automated segmentation of ICC network from 3D confocal 

(b) 
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(a) 

(a) 
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tissue images of the mouse gastric antrum using the WEKA 
FRF technique. The spatial distributions of the segmented 
ICC-LM and ICC-MP networks throughout the longitudinal 
antral image tile were investigated in this paper. There were 
considerable variations observed in ICC-LM and ICC-MP 
network volume within the respective LM and MP layers of 
the murine antrum wall imaged. 

The thickness of the LM layer was found to be 
approximately 4.0–11.5 μm thick; consistent with 5–10 μm 
thick LM layer as documented by Song et al. in the mouse 
antrum [11]. Furthermore, the marked deficiency in the 
network of ICC-LM observed in the gastric antrum were 
consistent with the previous observations [11], [12]. Cousins 
et al. [12] demonstrated sparse ICC-LM in the guinea-pig 
antrum, while Song et al. [11] reported complete absence of 
ICC-LM in the mouse antrum at a distance of 4 mm from the 
corpus-antrum border. ICC-LM are mainly present in the 
fundus and corpus, with the highest density along the greater 
curvature in the fundus and corpus [11]. This was further 
verified from our observation that ICC-LM network was only 
detected in the image stacks located nearest to the greater 
curvature at the corpus-antrum border (Fig. 1(c)). Thus, our 
results are agreeable to experimental observations made by 
Song et al. [11], and reinforce the present understanding that 
the density of ICC-LM significantly decreases from the 
proximal corpus to the antrum which eventually completely 
diminishes. Functionally, the diminished ICC-LM towards the 
pyloric sphincter would restrict the motility of the digesta in 
the aboral direction, which acts as a simple gate to control the 
outflow of chyme into the duodenum. 

The ICC-MP form a dense and heterogeneous [13]–[15] 
network that lies in the myenteric region of the stomach wall. 
The network of ICC-MP spreads over the corpus and antrum 
with varying densities [16]. The overall increase in ICC-MP 
network volume from proximal to distal antrum as shown in 
Fig. 3(b) was consistent with the concept that SWs track 
towards the pylorus with increasing amplitude [17]–[19]. 
Previous imaging studies have also demonstrated a "break" in 
the ICC-MP in the gastroduodenal junction [20], which serves 
to isolate the gastric slow wave (3 cpm) from the intestinal 
slow waves (>10 cpm). While the techniques developed in 
here would be useful in tracking the gastroduodenal ICC break 
in future studies, a larger sample size is needed to validate the 
physiological insights of the spatial variations of ICC.   

V. CONCLUSIONS 

Structural variations of ICC were quantified in the distal 

mouse antrum. Elucidating the regional variations of ICC 

networks would allow a better understanding of the 

mechanisms underpinning the contractile patterns in the 

stomach and the diseases associated with its dysfunction. 
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