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Summary. Objectives. Multispectral imaging (MSI) has
been utilized to predict the prognosis of colorectal
cancer (CRC) patients, however, our understanding of
the prognostic value of nuclear morphological
parameters of bright-field MSI in CRC is still limited.
This study was designed to compare the efficiency of
MSI and standard red-green-blue (RGB) images in
predicting the prognosis of CRC.

Methods. We compared the efficiency of MS and
conventional RGB images on the quantitative
assessment of hematoxylin-eosin (HE) stained
histopathology images. A pipeline was developed using
a pixel-wise support vector machine (SVM) classifier for
gland-stroma segmentation, and a marker-controlled
watershed algorithm was used for nuclei segmentation.
The correlation between extracted morphological
parameters and the five-year disease-free survival (5-
DFS) was analyzed.

Results. Forty-seven nuclear morphological
parameters were extracted in total. Based on Kaplan-
Meier analysis, eight features derived from MS images
and seven featured derived from RGB images were
significantly associated with 5-DFS, respectively.
Compared with RGB images, MSI showed higher
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accuracy, precision, and Dice index in nuclei
segmentation. Multivariate analysis indicated that both
integrated parameters 1 (factors negatively correlated
with CRC prognosis including nuclear number,
circularity, eccentricity, major axis length) and 2 (factors
positively correlated with CRC prognosis including
nuclear average area, area perimeter, total area/total
perimeter ratio, average area/perimeter ratio) in MS
images were independent prognostic factors of 5-DFS, in
contrast with only integrated parameter 1 (P<0.001) in
RGB images. More importantly, the quantification of
HE-stained MS images displayed higher accuracy in
predicting 5-DFS compared with RGB images (76.9% vs
70.9%).

Conclusions. Quantitative evaluation of HE-stained
MS images could yield more information and better
predictive performance for CRC prognosis than
conventional RGB images, thereby contributing to
precision oncology.

Key words: Colorectal cancer, Multispectral imaging,
Histopathology image analysis, Segmentation, Prognosis

Introduction

Colorectal cancer (CRC), ranked as the third most
common cancer, is considered one of the leading causes
of cancer-related death worldwide (Hossain et al., 2022).
There is a predicted rise in the number of CRC cases,
showing an expected increase of 60% in incidence by
2030 (Wong et al., 2021). Traditionally, the diagnosis of
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CRC mainly relied on histopathological examination as
certain histological features (e.g. pathological grade)
have been reported to be associated with its pathogenesis
and progression (Dolens et al., 2021). However,
qualitative assessment of histopathological features is
not sufficient for predicting the prognosis of CRC.
Besides, it is still a challenge to achieve inter- and intra-
observer agreement and reproducibility of tumor grading
(Rathore et al., 2014).

With the advances in digital pathology and high-
throughput technology, computer-aided image (CAI) has
been adopted in CRC diagnosis and grading (He et al.,
2012; Kudo et al., 2021). Various CAl-based algorithms
and approaches have been proposed for object
segmentation, feature extraction, malignancy
classification, and computer-aided grading and prognosis
of CRC (Komura and Ishikawa, 2018). The image
quality will affect the detection of the region of interest
(ROI), as well as the precision of the object
segmentation. It has been acknowledged that image
quality and color variation could directly affect the
efficiency of CAI analysis (Tani et al., 2012; Bai et al.,
2023). Thus, it is essential to obtain high-quality
hematoxylin-eosin (HE) images for the quantitative
evaluation of CRC grading and prognosis.

Multispectral imaging (MSI), as an advanced
imaging modality widely utilized in pathology
(Waterhouse et al., 2023), can capture high-resolution
images with accurate spectral and spatial information. To
date, extensive studies have focused on the application
of MSI to HE histological image analysis. For instance,
Zhang et al. indicated that spectral images contained
more information on cancer classification than red-
green-blue (RGB) images (Zhang et al., 2022). In
addition, in a meta-analysis involving the utility of MSI
for cancer diagnosis, MSI data exploitation was superior
to RGB images for cancer diagnosis (Ortega et al.,
2020). Furthermore, Siegel et al. reported that MSI
showed the potential for the noninvasive detection of
malignancies (Siegel et al., 2018). They indicated that
the MSI for colon tissue biopsy classification provided
promising visual results of segmentation.

MSI is promising in the automated quantitative
evaluation of histopathology images, contributing to the
diagnosis and classification of CRC (Hoyt, 2021). It is
still necessary to explore the additional benefits of MSI
in routine HE image analysis, especially the values of
computerized morphological features for prognostic
predictors. To date, little is known about the prognostic
value of morphological nuclear features of bright-field
MSI in CRC patients. In a previous study, a novel
algorithm was proposed for the automatic analysis of HE
histopathological images from breast invasive ductal
carcinoma (IDC), which screened additional prognostic
factors for prognosis prediction in IDC patients (Chen et
al., 2015). In this study, we employed MSI and
conventional RGB images for the automatic extraction
of the objective quantitative nuclear morphological
features from the pixel and object levels. Then we

investigated the correlation between these parameters
and five-year disease-free survival (5-DFS) and
compared the efficiency of MSI and RGB images in
predicting the prognosis of CRC.

Materials and methods
Patients and samples

In this retrospective analysis, we included 134 CRC
patients who underwent curative surgical resection
between 2009 and 2011 in the Department of Pathology,
Zhongnan Hospital, Wuhan University. The inclusion
criteria were as follows: those with CRC confirmed after
histopathological analysis; and those with a follow-up of
at least five years. Patients who received chemotherapy
or radiotherapy prior to surgical resection or those with
incomplete medical files were excluded from this study.
Each patient signed the informed consent. The protocols
of this study were approved by the Ethical Committee of
Zhongnan Hospital, Wuhan University. TNM staging
and histological grade were evaluated according to the
sixth edition of the American Joint Committee on
Cancer (AJCC) TNM system (Sobin et al., 2010) and the
fourth edition of the WHO histological grade (Bosman et
al., 2010). The design and flowchart of this study are
presented in Figure 1.

HE staining

Collected tissues were fixed with formalin, followed
by embedding in paraffin. Then, sections (4 pm) were
mounted onto glass slides. HE staining was performed as
previously described (Fischer et al., 2008).

Image acquisition

HE-stained slices were observed under an Olympus
BX52 bright-field microscope equipped with an
Olympus DP72 RGB Microscope Digital camera
(Olympus Optical, Tokyo, Japan) and the Nuance MSI
system (Cambridge Research and Instrumentation,
Woburn, MA, USA). ROIs in HE images with
characteristics of invasive adenocarcinoma were selected
under a magnification of x100 after excluding the
necrotic area and adenoma lesions. Each ROI with tumor
epithelial cells and stromal cells was captured under a
magnification of x40 based on unified acquisition
parameters as previously described (Liu et al., 2016). To
minimize selection bias, six high-power field (HPF)
images were randomly selected from the ROIs of each
slide. For multispectral images, six spectral cubes with
complete spectral information at 20 nm wavelength
intervals and those with an optimal spectral segment
between 420 nm and 720 nm were randomly obtained
from different areas of the sections. A total of 1,608
bright-field HE images (i.e., 804 RGB and 804 MS
images) were captured and saved in a tagged image file
format (TIFF), with a consistent resolution of
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1,360x%1,024 pixels, for further analysis.
Image processing and feature extraction

To extract image features related to prognosis,
histological structures were automatically identified and
segmented by an image recognition technique. The
processing for RGB and multispectral images consisted
of preprocessing, segmentation, postprocessing, and
feature extraction (Qu et al., 2014).

A two-step pipeline was utilized for the
segmentation of the glands-stroma and nuclear
components in each image. For the segmentation of
glands-stroma, pixel-level color features were extracted
based on a local homogeneity model (Kaushal et al.,
2022), while pixel-level Haralick texture features were
calculated with the fast parallelized segmentation
method (Stegmaier et al., 2014). The boundary of each
glandular object on the visual field was delineated by a
qualified pathologist. Then the support vector machine
(SVM) model was constructed with randomly selected
labeled pixels. Finally, the glandular and stroma
structures of all the images were segmented with the
SVM classifier. For nuclei segmentation, we proposed a
marker-controlled watershed segmentation method to
identify the nuclei from different images (e.g., nuclei of
epithelial cells and interstitial lymphocytes) as
previously described (Qu et al., 2014).

As segmentation showed a lack of robustness to
noise and could not classify all pixels to the objects
accurately, image identification was aided by a qualified
pathologist (Yuan JP) to eliminate incorrect
segmentations. Finally, pixel- and object-levels of
morphological features were extracted.

Statistical analysis

Before statistical analysis, X-tile software was
utilized for the conversion of nuclear morphological
parameters to ordinal data as previously described
(Camp et al., 2004). Then, univariate survival analysis
was used to set the best cutoff value and the number of
patients of various degrees. The Kaplan-Meier method
was used for dimensionality reduction of the features.
Kaplan-Meier curves were utilized to analyze the
correlation between morphological features,
conventional pathological prognostic factors, and 5-
DFS, while the significance among subgroups was
analyzed by the log-rank test. A multivariate Cox
proportional hazards regression model was performed to
identify the independent prognostic factors of CRC.
Sensitivity, specificity, positive predictive values
(PPVs), and negative predictive values (NPVs) for
predicting CRC recurrence were calculated. The receiver
operating characteristic (ROC) curve was used to
determine the predictive value of the features of interest.
The Chi-square test was used to compare the predictive
accuracy of MSI and RGB images, and the confidence
intervals of the difference were determined. Statistical

analyses were performed with SPSS version 19.0
(Chicago, IL, USA). A P value of less than 0.05 was
considered to be statistically significant.

Results
Major clinicopathological characteristics

Demographic and clinicopathological characteristics
of the 134 CRC patients are presented in Table 1. The
median age was 62.6 years (33-91). The 5-DFS rate was
63.4% with a median DFS of 48.2 months. In the study
cohort, 33 patients (24.6%) were diagnosed with local
recurrence and 16 (11.9%) presented distant metastases.
The corresponding bright-field MSI and RGB images of
HE-stained histopathological images were acquired, and
representative images are shown in Figure 2. MSI
displayed better image qualities than conventional RGB
images, which was beneficial for further computer
analysis.

Table 1. Clinicopathological characteristics of 134 CRC patients.

Characteristics N (%) Recurrencen (%) DFS Rate (%) P-value
Age (years) 0.141
<65 74 (55.2) 32 (43.2) 56.8
>65 60 (44.8) 17 (28.3) 717
Gender 0.116
Male 72 (53.7) 31 (43.1) 56.9
Female 62 (46.3) 18 (29.0) 71.0
Tumor site 0.473
Proximal colon 45 (33.6) 19 (42.2) 57.8
Distal colon 39 (29.1) 13 (33.3) 66.7
Rectum 50 (37.3) 17 (34.0) 66.0
T stage 0.038
pTi/2 16 (11.9) 2 (12.5) 87.5
pT3/4 118 (88.1) 47 (39.8) 60.2
Histological grade 0.041
Well 46 (34.3) 15 (32.6) 67.4
Moderate 59 (44.1) 19 (32.2) 67.8
Poor 29 (21.6) 15 (51.7) 48.3
LN status <0.001
Positive 53 (39.5) 38 (71.7) 28.3
Negative 81 (60.5) 11 (13.6) 86.4
Lymphovascular invasion 0.061
Yes 24 (17.9) 12 (50.0) 50.0
No 110 (82.1) 37 (33.6) 66.4
Clinical stage < 0.001
(Nl 79 (59.0) 13 (16.5) 83.5
I, v 55 (41.0) 36 (65.4) 34.6
Adjuvant chemotherapy 0.703
Yes 76 (56.7) 29 (39.5) 61.8
No 58 (43.3) 20 (32.7) 65.5
Recurrence N/A
Yes 49 (36.6) N/A N/A
No 85 (63.4) N/A N/A

CRC, colorectal cancer; DFS, disease-free survival; LNs, lymph nodes;
N/A, not available; T, tumor.



1307

Multispectral imaging in colorectal cancer

Image segmentation evaluation

To compare the segmentation capacity of the two
methods, we randomly selected 12 pairs of RGB and MS
images from 12 patients (grade I: four patients; grade II:
four patients; grade III: four patients) to construct
standard datasets. Based on manual segmentation, 12
independent sets were implemented to test the
corresponding classifiers. However, challenges remained
in distinguishing the nuclei of epithelial cells or the
nuclear boundary in poorly differentiated or nucleus-

overlapping regions.

A marker-controlled watershed algorithm was
utilized to segment the nucleus. A much stricter pixel-
based quantitative evaluation was performed by
automatically comparing computer outputs with the
manually segmented imaging data. Then, the accuracy,
sensitivity, specificity, precision, and object-level Dice
index for the segmentation of each corresponding RGB
and MS image were determined according to the specific
calculation formulas as previously described (Qu et al.,
2014; Sirinukunwattana et al., 2017). Compared with

Table 2. Pixel-level quantitative evaluation of nuclei segmentation in HE-stained images.

Image Segmentation of MS images Segmentation of RGB images

ID Accuracy (%) Sensitivity (%) Specificity (%) Precision (%) Dice index Accuracy (%)  Sensitivity (%) Specificity (%)  Precision (%) Dice index
A 88.6 63.6 95.9 63.1 0.512 87.9 63.5 95.0 58.4 0.499
B 81.7 64.1 94.0 59.7 0.534 76.1 66.1 89.0 54.0 0.510
C 89.1 55.4 94.5 62.2 0.585 88.7 48.6 95.2 60.9 0.546
D 86.6 56.6 94.7 73.7 0.698 82.4 56.5 94.5 69.6 0.639
E 96.1 78.7 98.1 82.0 0.803 83.9 62.3 91.1 70.4 0.703
F 91.4 76.5 94.8 77.6 0.770 88.7 60.3 95.3 74.9 0.688
G 93.1 75.9 93.9 70.4 0.736 91.0 73.6 93.1 66.2 0.693
H 90.6 53.8 96.4 75.8 0.618 90.6 52.5 96.5 711 0.603
| 87.8 49.1 93.8 60.7 0.570 81.5 37.6 93.3 54.6 0.446
J 86.1 70.5 95.3 73.4 0.599 82.1 65.4 95.8 72.3 0.545
K 94.6 70.6 96.6 711 0.699 87.5 65.7 96.6 67.8 0.607
L 77.9 61.4 89.6 66.4 0.670 73.3 61.3 87.8 62.7 0.638
Average 88.6 64.7 94.8 69.7 0.650 84.5 59.4 93.6 65.2 0.593

SRR
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Fig. 2. HE-stained histopathological images of CRC. a-c. Conventional RGB images of well-differentiated, moderately differentiated, and poorly
differentiated adenocarcinoma. d-f. The corresponding MS images of well-differentiated, moderately differentiated, and poorly differentiated

adenocarcinoma. Scale bar: 20 ym.
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RGB images, the proposed MSI method had higher
accuracy (88.6% vs. 84.5%), precision (69.7% vs.
65.2%), and Dice index (0.650% vs. 0.593%) in pixel-
based nuclei segmentation (Table 2). To further evaluate
the segmentation performance, we compared the
segmentation results of the well, moderately, and poorly
differentiated CRCs between RGB and MS images (Fig.
3).

Feature extraction and grading

Based on computer-aided automatic segmentation of
the images (Fig. 4), 115 image features were extracted
from RGB and MS images. These features could be
classified into pixel-level features (n=68), which
included color and texture parameters, and object-level
features (n=47) which included nuclear morphometry
(object size and shape) and topological parameters
(Supplementary Table 1). Due to the unclear biological
significance, the pixel-level features were not analyzed.
Then, X-tile software based on the best P value was
adopted to automatically judge the cut-off points of the
object-level features, followed by categorizing each
measured parameter into grade I, grade II, or grade III,
respectively. Subsequently, univariate survival analysis
was employed for dimensionality reduction of all
features to screen out the significant image features. The
results demonstrated that eight nuclear features extracted
from MS images and seven from RGB images were
significantly associated with 5-DFS (all P<0.05, Tables

3,4).

Association of nuclear morphometric parameters with 5-
DFS

Survival analysis was conducted to investigate the
association between the 5-DFS of CRC patients and
nuclear morphometric parameters extracted from MSI
and RGB images. For MS images, 5-DFS was negatively
correlated with nuclear number (P<0.001), circularity
(P<0.001), eccentricity (P=0.002), and major axis length
(P=0.001) (Fig. 5). In addition, for RGB images, 5-DFS
was negatively correlated with nuclear number
(P<0.001), circularity (P<0.001), eccentricity (P=0.005),
and major axis length (P=0.003) (Fig. 6). For both RGB
and MS images, 5-DFS was positively correlated with
the nuclear average area (all P<0.001), perimeter area
(MSI: P=0.005, RGB: P=0.009), total area/total
perimeter ratio (MSI: P=0.003, RGB: P=0.006). 5-DFS
was positively correlated with the average
(area/perimeter) ratio based on MS images (P=0.002)
rather than RGB images (P=0.104).

The number, circularity, and average area obtained
from MSI could distinguish 5-DFS into three categories
with statistical differences between them (Fig. 5a,b,e).
However, for RGB images, only number and circularity
could distinguish 5-DFS into separate categories with
statistical differences (Fig. 6a,b). All these indicated that
CAI analysis based on MSI presented better
performance than RGB images in discriminating the

Table 3. Nuclear parameters of MS images of CRC determined by computer-aided segmentation.

Parameters Results Cut off points by X-tile Grading
Median (range) 171 1/ | Il 1]
Number 620 (255-1082) 630 735 59 54 21
Circularity 0.61 (0.46-0.77) 0.62 0.65 72 36 26
Eccentricity 0.21 (0.05-0.36) 0.21 0.26 41 50 43
Major axis length 82.02 (60.42-147.58) 79.97 75.10 62 41 31
Average area 323.88 (276.47-419.80) 293.56 303.59 23 42 69
Average perimeter 84.76 (72.92-103.94) 80.45 83.37 14 36 84
Total area/total perimeter ratio 3.99 (3.07-6.47) 3.78 4.25 13 48 73
Average (area/perimeter) ratio 1.06 (0.89-1.39) 1.00 1.01 39 51 44
Table 4. Nuclear parameters of RGB images of CRC determined by computer-aided segmentation.
Parameters Results Cut off values by X-tile Grading
Median (range) 171 1/ | Il 1]
Number 598 (243.0-1068.0) 602 729 58 55 21
Circularity 0.60 (0.45-0.76) 0.60 0.64 68 43 23
Eccentricity 0.18 (0.03-0.32) 0.17 0.21 48 46 40
Major axis length 77.92 (58.32-138.47) 94.91 85.49 54 48 32
Average area 316.88 (264.01-416.48) 322.62 315.94 28 32 74
Average perimeter 84.35 (69.79-101.93) 79.57 87.66 15 35 84
Total (area/perimeter) ratio 3.90 (3.00-6.45) 3.60 4.20 13 57 64
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Fig. 3. Evaluation outputs of nuclei segmentation on RGB and MS images of HE-stained CRC histopathological images. a-f. The first column shows the
original RGB and MS images of HE-stained well-differentiated, moderately differentiated, and poorly differentiated CRC. al1-f1. The second column
shows the ground truth images labeled by a qualified pathologist and nuclei were labeled with dark green boundaries. a2-f2. The third column shows
the results of nuclei segmentation images obtained by the proposed method and nuclei were labeled with green boundaries. a3-f3. The fourth column

presents evaluation outputs of segmentation in the form of pseudo-color images. Yellow, epithelial region; black, stroma matrix; red, epithelial cell
nuclei; green, stroma cell nuclei. Scale bars: 20 um.
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prognosis of CRC patients.

Prognostic values of nuclear morphometric and
integrated parameters

ROC analysis was implemented to further evaluate
the prognostic values of nuclear parameters with
statistical significance. For MSI, the number, circularity,
eccentricity, and major axis length were negatively
correlated with 5-DFS with areas under the curve (AUC)

of >0.5. The average area, average perimeter, total
area/total perimeter, and average (area/perimeter) were
positively correlated with 5-DFS with an AUC of <0.5.
In RGB images, only three parameters (i.e. average area,
average perimeter, total area/total perimeter) were
positively correlated with 5-DFS. All features
statistically correlated with 5-DFS, and the prognostic
values of MS images for 5-DFS were higher than those
of RGB images (all P<0.05, Table 5).

Subsequently, these parameters were attributed

Table 5. ROC analysis on nuclear morphometric parameters and integrated parameters 1 and 2.

Parameters HE MS images HE RGB images

AUC 95% ClI P-value AUC 95% ClI P-value
Number 0.746 0.660-0.832 <0.001 0.736 0.649-0.824 <0.001
Circularity 0.756 0.669-0.844 <0.001 0.705 0.611-0.799 <0.001
Eccentricity 0.669 0.575-0.762 0.001 0.651 0.555-0.747 0.004
Major axis length 0.661 0.563-0.759 0.002 0.653 0.555-0.751 0.003
Integrated parameter 1 0.785 0.700-0.870 <0.001 0.773 0.691-0.855 <0.001
Average area 0.283 0.190-0.376 <0.001 0.334 0.235-0.433 0.001
Average perimeter 0.366 0.265-0.466 0.010 0.369 0.269-0.469 0.012
Total (area/perimeter) 0.372 0.271-0.472 0.014 0.386 0.285-0.487 0.028
Average (area/perimeter) 0.347 0.250-0.444 0.003 0.403 0.304-0.503 0.063
Integrated parameter 2 0.280 0.189-0.307 <0.001 0.313 0.216-0.41000 <0.001

AUC, area under the curve; Cl, confidence interval.

Fig. 4. The results of image processing by CAl and RGB images. a. Histopathologic HE-stained CRC image. b. Image pre-processing to improve
quality. €. The segmentation of SVM classification. The glandular lumens were labeled with green boundaries. d. Nuclei segmentation by marker-
controlled watershed algorithm. The deep-green region represents an individual nuclear region. e. Integration of glands-stroma and nuclei
segmentation results. f. All image objects were sub-classified in the form of pseudo-color images after segmentation (yellow, glandular lumens region;
black, stroma matrix; red, epithelial cell nuclei; green, stroma cell nuclei). SVM, support vector machine. Scale bar: 20 ym.
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Table 6. Multivariate Cox proportional hazards model to predict 5-DFS in 134 CRC patients.
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Parameters MS images RGB images

Coefficient HR (95% CI) P-value Coefficient HR (95% CI) P-value
T stage 0.392 1.479 (0.347-6.308) 0.597 0.239 1.270 (0.294-5.481) 0.748
LNs status 1.642 5.165 (2.529-10.550) <0.001 1.502 4.490 (2.204-9.149) <0.001
Histological grade 0.299 1.349 (0.920-1.978) 0.125 0.298 1.347 (0.897-2.025) 0.151
Integrated parameter 1 1.052 2.863 (2.014-4.070) <0.001 1.016 2.761 (1.881-4.052) <0.001
Integrated parameter 2 -1.020 0.361 (0.213-0.610) <0.001 -0.328 0.721 (0.511-1.015) 0.061
Clinical stage 0.899 2.457 (1.248-4.835) 0.009 1.088 2.968 (1.491-5.911) 0.002

5-DFS, 5-year disease-free survival; HR, hazard ratio; Cl, confidence interval; T, tumor; LNs, lymph nodes.
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Fig. 5. Relationship between nuclear
morphometric parameters extracted from
MS images and 5-DFS of CRC patients.
Among the eight features, number (a),
circularity (b), eccentricity (¢), and major
axis length (d) were negatively correlated
with 5-DFS. The average area (e), average
perimeter (f), total (area/perimeter) ratio (g),
and average (area/perimeter) ratio (h) were
positively correlated with 5-DFS.
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corresponding scores according to their grades (grade
I=1 score; grade 11=2 score; and grade I1I=3 score), and
were pooled into integrated parameter 1 and integrated
parameter 2. Then, integrated parameters 1 and 2 were
classified into low, moderate, and high levels by X-tile
software. ROC analysis indicated that integrated
parameter 1 in MS images had higher AUCs than the
four independent parameters that were negatively
correlated with prognosis; integrated parameter 2 had
lower AUCs than the four independent features that were
positively correlated with prognosis (Fig. 7a). Similar
results were also revealed in the analysis of RGB images
(Fig. 7b). Additionally, the prognostic value of
integrated parameter 1 in MS images (AUC=0.785; 95%

CI, 0.700-0.870; P<0.001) was greater than that in RGB
images (AUC=0.773; 95% CI, 0.691-0.855; P<0.001).
Similar results were also obtained in the analysis of
integrated parameter 2 (Table 5).

Validation of integrated parameters by multivariate
analysis

To further investigate the prognostic efficiency of
the newly identified integrated parameters for CRC
prognosis, multivariate analysis was performed coupling
with integrated parameter 1, integrated parameter 2, and
traditional prognostic parameters. Multivariate analysis
showed four independent prognostic factors of CRC in
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MSI, including lymph node (LN) status (P<0.001),
integrated parameter 1 (P<0.001), integrated parameter 2
(P<0.001), and clinical stage (P=0.009). In RGB images,
LN status (P<0.001), integrated parameter 1 (P<0.001),
and clinical stage (P=0.002) were independent
prognostic factors of CRC (Table 6). Moreover, the
weighted analysis of nuclear integrated parameter 1 for
predicting 5-DFS was carried out. The hazard ratio (HR)
of integrated parameter 1 of MS images (HR=2.863;
95% CI, 2.014-4.070) was higher than clinical stage
(HR=2.457; 95% CI, 1.248-4.835), but lower than LN
status (HR=5.165; 95% CI, 2.529-10.550). However, the
HR of integrated parameter 1 from RGB images was
lower than LN status (HR=2.761; 95% CI, 1.881-4.052
vs HR=4.490; 95% CI, 2.204-9.149) and clinical stage

(HR=2.761; 95% CI, 1.881-4.052 vs HR=2.968, 95%
CI, 1.491-5.911). In addition, the HR of integrated
parameter 1 in MS images was higher than that in RGB
images (HR=2.863; 95% CI, 2.014-4.070 vs HR=2.716,
95% CI; 1.881-4.052; Table 6).

Evaluation of prediction efficiency of nuclear integrated
parameters

In terms of analysis of integrated parameter 1,
compared with RGB images, MSI showed a higher
sensitivity (75.5% vs 63.3%), specificity (77.6% vs
75.3%), PPV (66.1% vs 59.6%), and NPV (84.6% vs
78.0%) for the prediction of CRC prognosis, with no
statistical significance (Table 7). Moreover, the

Table 7. Prediction efficiency of nuclear integrated parameters for CRC prognosis.

Parameters Integrated parameter 1 Integrated parameter 2
MS images RGB images MS images RGB images
Sensitivity (%) 75.5 (37/49) 63.3 (30/49) 53.1 (26/49) 42.8 (21/49)
Specificity (%) 77.6 (66/85) 75.3 (64/85) 85.9 (73/85) 77.6 (66/85)
PPV (%) 66.1 (37/56) 59.6 (31/52) 68.4 (26/38) 52.5 (21/40)
NPV (%) 84.6 (66/78) 78.0 (64/82) 76.0 (73/96) 70.2 (66/94)
( ( ( (

Accuracy (%) 76.9 (103/134)*

64.9 (87/134)

PPV, positive predictive value; NPV, negative predictive value. *P=0.041 compared with RGB images, 95% Cl, 1.04-13.90%. $P=0.007 compared with

RGB images, 95% ClI, 3.0-16.4%.
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predictive accuracy for recurrence obtained from MSI
was significantly higher than that from RGB images
(76.9% vs 70.9%, P=0.041; 95% CI: 1.04-13.90%).
Similarly, in terms of analysis of integrated parameter 2,
the predictive accuracy for recurrence obtained from
MSI was significantly higher than that from RGB
images (73.9% vs 64.9%, P=0.007; 95% CI: 3.0-16.4%).

Discussion

In the present study, we proposed an advanced CAI
processing technique to quantitatively evaluate bright-
field MSI for the prediction of CRC prognosis. To our
knowledge, this is the first study on predicting the
prognosis of CRC patients by quantitatively analyzing
morphological features from HE-stained histopathology
images. Herein, we designed an automated workflow
that identified objective parameters from HE-stained MS
and conventional RGB images, and then we utilized the
machine-learning classifiers to predict the survival of
CRC patients. This method for the quantification of MS
images was superior in predicting CRC prognosis than
that of RGB images. Combined with our previous work
on MSI in IHC analysis (Liu et al., 2016), we concluded
that MSI has potential as a standard and optimal digital
imaging system for the diagnosis and prediction of CRC
prognosis.

The advantages of MSI include wide-field imaging
with spectroscopy and noninvasive, nonionizing tissue
analysis without contrast agents (Wu et al., 2022). MS
images showed more spectral channels and higher
spectral resolution than RGB images, which might aid in
extracting more useful information on pathology (Irshad
et al., 2014; Fereidouni et al., 2018). Moreover, MSI
captured the spectral images of a large area of tissues,
overcoming the under-sampling problem associated with
spectroscopy and biopsy (Buchberger et al., 2018). In
this study, we employed RGB imaging and an MSI
system in CRC cohorts and compared their efficiency in
predicting prognosis. Our data indicates that MS images
provide better overall image qualities and more useful
information than RGB images.

The spectral information in MSI data enabled the
characterization, identification, and classification of
different types of tissues. However, the quantitative
analysis of spectral data is still a computational
challenge due to the presence of a large data volume,
including the high dimensionality of spectral bands,
visible wavelength range, and high spatial resolution
(Halicek et al., 2019). Computational image analysis
methods could quickly extract information from tumor
tissue sections, which significantly improved the
objectivity and accuracy of image quantitative
determination (Wang et al., 2016). Previous literature
reported that spectral data generated with MSI can also
be automatically excavated to extract more useful
diagnostic information for cancer classification by CAI
(Liang et al., 2022). For instance, Chaddad et al.
proposed a classification based on Haralick’s texture

features generated from segmented MS images, which
were effective in discriminating three types of CRC cells
(Chaddad et al., 2011).

Algorithms for automated gland segmentation in
digitized images of HE-stained CRC tissue slides
contributed to the detection of cancer grade and
increased reproducibility of grading (Rathore et al.,
2019). Additionally, automated nuclei segmentation is a
prerequisite for various quantitative analyses, including
automatic morphological feature computation
(Stegmaier et al., 2014). However, it is difficult to
precisely separate the nuclei as HE-stained
histopathology images are complex in nature. In this
study, we proposed a method based on the marker-
controlled watershed for cell nucleus segmentation, and
then compared the segmentation capacity in RGB and
MS images. The results showed that MS images
presented higher accuracy, precision, and Dice index
values in pixel-based nuclei segmentation than RGB
images. This demonstrated that the quantitative analysis
of MS images could be a promising candidate for
extracting morphological features in the future.

CAI techniques have been reported to be effective in
predicting the prognosis of cancers (Gao et al., 2019; Xu
et al., 2023). Malshy et al. utilized computerized nuclear
morphometry to distinguish different grades and predict
the prognosis of CRC (Malshy et al., 2022). Wang et al.
reported the prognostic values of CAI features in the
triple negative (TN) and stromal components associated
with the prognosis of breast cancer (Wang et al., 2022).
In our study, we tried to extract a set of morphological
nuclear parameters correlated with prognosis in HE-
stained MS and RGB images of CRC. With 5-DFS as the
golden criterion to judge their clinical significance, we
found that more nuclear morphological parameters
extracted from MS images were significantly correlated
with 5-DFS. Moreover, CAI for MS images was superior
in determining the risk levels than that for RGB images.
ROC analysis indicated four parameters with AUC>0.5
and another four parameters with AUC<0.5 in MS
images for predicting the prognosis of CRC; there were
only three parameters with AUC<0.5 in RGB images.
Then, we further evaluated the prognostic values of
integrated parameters by multivariate analysis. In MS
images, integrated parameters 1 and 2 were identified as
independent prognostic factors for 5-DFS, however, in
RGB images, only integrated parameter 1 was identified
as an independent risk factor. This implied that
morphological nuclear parameters of MS images had
higher prognostic values in predicting the prognosis of
CRC than that of RGB images. Furthermore, integrated
parameter 1 derived from MS images had even higher
predictive effectiveness on 5-DFS than histological
grade and clinical stage. More importantly, compared
with RGB images, MS images displayed better accuracy
for predicting CRC recurrence. Our results show that the
model based on the integrated parameters of MS images
could more effectively predict 5-DFS than conventional
RGB images. Thus, MS images were more suitable for
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prognostic prediction, benefitting from better
performances in identifying CRC subgroups and
recurrence prediction.

There are some limitations to this study. Firstly, the
results should be further evaluated in a larger multicenter
CRC population to reduce the systematic bias of any
single image source. Secondly, this study only analyzed
prognostic factors from nuclear morphological
parameters, without covering the prognostic values of
color and texture features, mitotic activity, and tumor
microenvironment in the corresponding RGB and MS
images of CRC related to prognosis (Veta et al., 2016).
Thirdly, we only evaluated the relationships between
nuclear parameters and the prognosis of CRC patients by
5-DFS and did not evaluate overall survival. Finally,
further prospective clinical studies are required to
validate the prognostic values of the independent
predictors in conventional RGB and MS images.

In conclusion, we developed a novel approach for
the assessment of HE images by automatically
quantifying morphometric parameters of MS images and
validated the potential of MSI in predicting prognoses in
CRC patients. Quantitative analysis of HE-stained MS
images was superior to conventional RGB images in
predicting the prognosis of CRC.
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