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ABSTRACT

Computerized image analysis for whole-slide images has been shown to improve efficiency, accuracy, and
consistency in histopathology evaluations. We aimed to assess whether immunohistochemistry (IHC)
image quantitative features can reflect the immune status and provide prognostic information for color-
ectal cancer patients. A fully automated pipeline was designed to extract histogram features from IHC
digital images in a training set (N = 243). A Hist-lmmune signature was generated with selected features
using the LASSO Cox model. The results were validated using internal (N = 147) and external (N = 76)
validation sets. The five-feature-based Hist-lImmune signature was significantly associated with overall
survival in training (HR 2.72, 95% Cl 1.68-4.41, P < .001), internal (2.86, 1.28-6.39, 0.010), and external (2.30,
1.02-6.16, 0.044) validation sets. The full model constructed by integrating the Hist-Immune signature and
clinicopathological factors had good discrimination ability (C-index 0.727, 95% Cl 0.678-0.776), confirmed
using internal (0.703, 0.621-0.784) and external (0.756, 0.653-0.859) validation sets. Our findings indicate
that the Hist-lmmune signature constructed based on the quantitative features could reflect the immune
status of patients with colorectal cancer, which might advocate change in risk stratification and conse-
quent precision medicine.
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1. Introduction Immunoscore classification tool was proposed as a prognostic
factor in colon cancer, which summarizing the density of CD3"
and CD8" T cells infiltration within the tumor region and
tumor invasion margin on the whole-slide image (WSI).”
A machine learning-based pipeline for quantifying intraepithe-
lial and stromal tumor-infiltrating lymphocytes (iTILs and
sTILs) was also established, which could subgroup resected
and chemotherapy-treated CRCs.® While manual evaluation
is indispensable during the Immunoscore calculation or TILs
quantification process. As the semi-automatic scoring method,
the process is not easily scalable. Several studies have also
shown that the combinational TILs and other risk factors
improve the prognosis accuracy of patients with stage II
CRC.>' Multiplexed immunofluorescence WSIs were used
for automated image analysis in these studies. However, there
is still a need for a fully automated image analysis using the
whole immunohistochemical (IHC) slide image, which is more
common in clinical practice.

The clinical outcome of colorectal cancer (CRC) patients
mainly relies on the tumor-node-metastasis (TNM) classifica-
tion system.! This system is valuable but provides incomplete
prognostic information, given that clinical prognosis can vary
substantially across patients with the same tumor stage.” Many
new classification methods that focus on tumor cells, tumor
gene expression, mutation status, etc., have been explored to
overcome TNM limits.” However, these tumor cells-based
novel approaches only have a moderate prediction perfor-
mance and limited clinical usefulness.* Accumulating evidence
suggests that cancer progression and recurrence are governed
not only by genetic profiles intrinsic to tumor cells but also by
host anti-tumor immune response.’

Recently, the role of tumor-infiltrating lymphocytes (TILs)
in anti-tumor immune response became evident. The influence
of the intratumor location, type, and density of TILs on CRC
evolution has been extensively investigated.® Nowadays, an
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On the other hand, feature-based image analysis has shown
potential improvement for efficiency, accuracy, and reproduci-
bility in the quantitative histopathology evaluation.""™"> High-
throughput quantitative features (such as histogram feature)
extracted from digital pathology images are potentially useful
for characterizing positively stained cells and spatial distribution
patterns.'®'® Tt is possible to identify previously unrecognized
image features relevant to patient’s prognosis and potentially
guide treatment decision."’ However, previous studies mostly
used hematoxylin and eosin (HE) stained histopathology images
for feature extraction and prognosis analysis.'"'® Unlike the
whole immunohistochemical slide image, the HE-stained
image can not accurately reflect the type and distribution of
immune cells. There exists the opportunity for using THC
image features to quantify the immune status of CRC patients.

Therefore, we hypothesize that quantitative features of immu-
nohistochemical images can reflect the immune status and provide
prognostic information for colorectal cancer patients. Moreover,
we aim to investigate whether the signature constructed by histo-
gram features could improve outcome prediction accuracy.

2. Materials and methods
2.1. Patients

This retrospective study was approved by The Research Ethics
Committee of Guangdong Provincial People’s Hospital
(GDREC2020011H) and Institutional Review Board of Yunnan
Cancer Hospital (KY201824). The requirement of informed
consent given the anonymous data analysis was waived. In this
multicentre study, data analysis was applied retrospectively to
two independent cohorts (Cohort 1, Guangdong Provincial
People’s Hospital; Cohort 2, Yunnan Cancer Hospital) of
patients with the American Joint Committee on Cancer (7th
Edition) TNM stage I-III colorectal cancer who underwent
curative-intent surgery. The inclusion and exclusion criteria for
the current study are listed in the supplemental material.

In Cohort 1 (N = 390, Mar 2009 to Dec 2014), patients from
Mar 2009 to Oct 2013 formed the training set (N = 243), while the
remaining patients served as the internal validation set (N = 147).
An independent external validation data set (N = 76) between
Jan 2013 and Dec 2014 from Cohort 2 was also established.

2.2. Follow up

The primary outcome was overall survival (OS) in our study,
which is defined as the time from surgery to death from any
cause. Those who were still alive at the last reported date were
labeled as censored data. The follow-up data were available
until the end of December 2019. The outcome was ascertained
by investigators who were blinded to predictors.
Clinicopathologic information, including age at diagnosis,
sex, TNM classification, grade of differentiation, and anatomic
site, were obtained from the medical records archives.

2.3. Sample size and missing value

The study met the suggested requirements of having at least ten
events per candidate variable for the derivation of a model, and

the sample size of the training set was comparable to those in
similar studies.'”"'” The sample size for the internal and exter-
nal validation sets was based on tissue availability. Patients with
missing data were excluded, and the imputation method was
not used in the analysis.

2.4. Acquisition of the digital whole slide images

Referring to the Immunoscores generation process,” we chose
CD3 and CD8 staining slides to analyze the immune status
quantitatively. Details of the IHC staining procedure for CD3
and CD8 are presented in the supplemental material. The
stained tissue sections were imaged using digital Whole Slide
Scanning (Leica, Aperio-AT2) at 40x magnification.

2.5. Pipeline of image processing and feature extraction

The study design is shown in Figure 1. Since immune cells are
mainly distributed in tumor and stromal regions, we used the
following image processing steps to obtain an automatic region
of interest (ROI) for feature extraction. For fast computation,
the original scanned image (40x, 0.252 pm/pixel) was down-
scaled to a low-magnification image (2.5%, 4.032 pm/pixel).
The scaled image was filtered with a 2-D Gaussian smoothing
kernel with a standard deviation of 15, and a global threshold
determined by Otsu’s method” was used to binarize the image.
The largest connected region was retained as the ROI
(Supplemental Figure S1).

And the color deconvolution method?' was used to extract
the DAB channel, which reflected the expression of positive
cells (Supplemental Figure S2). Then histogram features were
extracted automatically from the DAB channels of CD3 and
CD8 staining images within ROI using in-house MATLAB-
based software. Two basic feature groups of gray level histo-
gram were used: 1) consisted of mean, variance, skewness,
kurtosis, and 5th to 10th central moment of the histogram (a
total of 10 features); 2) contained the percentile of the gray level
histogram at 2.5%, 25%, 50%, 75%, and 97.5% (a total of 5
features). Overall, 30 features were calculated in our study for
further analysis. Details of the feature definitions are provided
in the supplemental material.

2.6. Feature selection and signature building

The least absolute shrinkage and selection operator (LASSO)
Cox regression analysis was used to select related prognostic
features in the training set. A Hist-Immune signature was built
via a linear weighted combination of selected histogram fea-
tures. A Hist-Immune score of each patient was calculated by
using the signature.

2.7. Evaluation and validation of the Hist-Immune
signature

The possible association between the Hist-Immune signa-
ture and survival was investigated in the training set, then
validated in internal and external validation sets. The Hist-
Immune score values were normalized to a range of 0 to
100% by using a logistic function o(x) = 1/(1 + exp(—x)).
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Figure 1. The pipeline for fully automated image processing and model development. (a) Fully automated image processing method to obtain the DAB channel with the
region of interest. (b) Feature extraction, including 1st to 10th histogram and quantile distribution features. (c) The LASSO Cox method for feature selection. (d) Model

development and survival analysis.

Patients were then stratified into high-risk or low-risk
groups using a threshold value of 50% across the three
sets, and the Kaplan-Meier method was used to visualize
survival curves. The difference between both curves was
determined via the log-rank test.

Stratified analyses were conducted to confirm the potential
association between the Hist-Immune signature and overall
survival within subgroups of TNM stage and clinicopathologic
risk factors from the whole dataset.

2.8. Construction, evaluation, and validation of the full
model

Univariate and multivariate Cox regression analysis was
employed for investigating the association between survival
time and multivariate predictors, and regression coeflicients
were used to generate a full model. Meanwhile, to investigate
whether the Hist-Immune signature have additional prognos-
tic value to the clinicopathologic risk factors, a clinical model
was constructed by only incorporating the independent clin-
icopathologic factors selected in the multivariate analysis. The
discrimination ability of models was determined using
Harrell’s C-statistics (C-index). The time-dependent receiver
operating characteristic (ROC) curve with area under the curve
(AUC) at 5-year OS was used to evaluate the prognostic accu-
racy. The time-dependent AUC curve was also plotted. The full
model formed in the training set was validated in the internal
and external validation sets to test the reproducibility and
generalizability. The Hist-Immune signature’s incremental
value to the clinical model for 5-year OS prediction was eval-
uvated via the net reclassification improvement (NRI)
calculation.

2.9. Statistical analysis

Statistical data analysis was conducted using R software
(version 3.6.1, http://www.R-project.org).”> R packages
used in this study are presented in the supplemental mate-
rial. Statistical significance was recorded if the two-sided
P < .05.

3. Results
3.1. Patients

According to the inclusion and exclusion criteria, a flow
chart summarized the eligible patients identified in this
study (Supplemental Figure S3). Finally, 243 patients
(aged 63.5 + 12.4 years) formed the training set, and 147
patients (62.3 + 11.7 years) formed the internal validation
set from Cohort 1. An independent external validation set
(N = 76; 56.1 + 13.6 years) from Cohort 2 was also estab-
lished. The median follow-up period was 92 months in
Cohort 1 and 70 months in Cohort 2. Supplemental Table
S1 shows a detailed distribution of the clinicopathological
characteristics of the training, internal, and external valida-
tion sets.

3.2. Feature selection and signature building

Of 30 IHC quantitative features, five were selected in the LASSO
Cox regression analysis. The Hist-Immune signature was then
constructed with the selected five features, and a score was
calculated for each patient. The selected features and corre-
sponding coefficients are listed in the Supplemental Table S2.
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3.3. Evaluation and validation of the Hist-Immune
signature

The Hist-Immune signature was statistically associated with
OS in the training set (hazard ratio [HR] 2.72, 95% confidence
interval [CI] 1.68-4.41, P < .001), which was validated in the
internal (2.86, 1.28-6.39, 0.010) and external (2.30, 1.02-6.16,
0.044) validation sets.

Using 50% as the threshold for the normalized Hist-Immune
score, we included the patients with a value of 50% or higher in
the high-risk group and those with a value lower than 50% in
the low-risk group. When we evaluate the distribution of
patients’ scores and survival statutes, lower risk score patients
generally had better survival outcomes than higher risk score
patients (Figure 2a). The 1-year, 3-year, and 5-year OS rates in
the high-risk and low-risk groups of three sets are presented in
Table 1. In the training set, overall survival at 5-year was
recorded for 68 (62.4%, 95% CI 53.9%-72.2%) patients in the
high-risk group and 109 (81.3%, 75.0%-85.2%) patients in the
low-risk group. These findings were confirmed in both internal
and external validation sets (Figure 2b,c, Table 1).

According to the Hist-Immune signature, the Kaplan-Meier
curves were plotted in two cohorts of patients stratified by
tumor TNM stage I, II, and III (Supplemental Figure S4).
Patients with stage II and III in the high-risk group had
a shorter survival time than those in the low-risk group
(P = .051 for stage II at marginally significant tendency,
P = .013 for stage III). While for patients with stage I disease,
although no statistical association was found between the Hist-
Immune signature and OS (P = .130), we observed a tendency
that patients with high-risk scores had a poor prognosis. When
stratified by clinicopathologic risk factors, the Hist-Immune
signature remained a significant prognostic factor
(Supplemental Figure S5).

3.4. Construction and evaluation of the full model

After univariate and multivariate analyses, we identified Hist-
Immune signature, age, and TNM stage as independent pre-
dictors for OS (Table 2). The full model incorporating the
above independent predictors and a clinical model with only
TNM stage and age were developed. The full model showed
better discrimination performance than the clinical model
(C-index, 0.727 vs. 0.694, Table 3).

The time-dependent ROC at 5-year and the time-dependent
AUC curves at varying times are presented in Figure 3. The full
model had the highest AUC at every time point compared to
the clinical model. The full model showed significantly
improved 5-year OS predictive performance compared to the
clinical model (NRI 0.361, 95% CI 0.082-0.639, P = .010,
Supplemental Table S3).

3.5. Validation of the full model

Internal validation: In the internal validation set, the full model
yielded a higher C-index of 0.703 (95% CI 0.621-0.784) than
the clinical model (0.682, 0.598-0.765). Time dependent AUC
showed that the full model achieved the highest AUC values at
all time points (12-60 months) for the clinical model. The
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Figure 2. Kaplan-Meier estimates of overall survival according to Hist-Immune
signature in the (a) training, (b) internal validation, and (c) external validation sets.

incremental value of adding the Hist-Immune signature to
the full model was statistically significant compared to the
clinical model (NRI 0.450, 95% CI 0.085-0.815, P = .020).
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Table 1. The five-year overall survival rate in high-risk and low-risk groups of Hist-lmmune signature.

Training set Internal validation set External validation set
High-risk Low-risk High-risk Low-risk High-risk Low-risk

No. of paitents (%) 140 (28.1%) 359 (71.9%) 42 (28.6%) 105 (71.4%) 60 (78.9%) 16 (21.1%)
5-year OS (month)

Median (IQR) 74 (35-89) 80 (72-101) 59 (27-64) 63 (60-67) 56 (50-66) 74 (58-75)
No. of survival (%)

At 1 year 98 (89.9%) 126 (94.0%) 39 (92.9%) 63 (98.1%) 57 (95.0%) 16 (100%)
At 3 year 80 (73.4%) 115 (85.8%) 27 (64.3%) 94 (89.5%) 52 (86.7%) 16 (100%)
At 5 year 68 (62.4%) 109 (81.3%) 25 (59.5%) 87 (82.9%) 44 (73.3%) 16 (100%)

Abbreviations: OS, overall survival; IQR, interquartile range.

Table 2. Unadjusted and multivariate analyses for overall survival.

Training set Internal validation set External validation set

HR 95% Cl P HR 95% CI P HR 95% Cl P
Unadjusted stratified Cox model
Hist-Immune signature 2.72 1.68-4.41 <0.001 2.86 1.28-6.39 0.010 2.30 1.02-5.16 0.044
Multivariable stratified Cox model
Hist-Immune signature 2.56 1.59-4.14 <0.001 341 1.47-7.89 0.004 235 1.02-5.43 0.045
TNM stage
| 1
Il 4.77 0.63-35.9 0.129 2.74 0.60-12.5 0.193 1
1] 14.6 2.02-105 0.008 6.96 1.61-30.1 0.009 4.04 1.12-14.6 0.033
Age 1.03 1.01-1.05 0.004 1.03 1.01-1.05 0.004 1.01 0.97 — 1.05 0.582

Abbreviations: HR, hazard ratio; Cl, confidence interval.

Table 3. Discrimination ability of models in the training, internal, and external
validation sets.

C-index (95% Cl)

Internal validation

External validation

Training set set set
Clinical 0.694 0.682 (0.598-0.765) 0.705 (0.595-0.814)
model (0.644-0.744)
Full model  0.727 0.703 (0.621-0.784) 0.756 (0.653-0.859)

(0.678-0.776)

Note: Clinical model: TNM stage + age; Full model: TNM stage + age + Hist-
Immune signature.
Abbreviations: TNM, tumor-node-metastasis; Cl, confidence interval.

External validation: A higher C-index was observed for the full
model than the clinical model in the external validation set (0.756
vs. 0.705). AUCs were higher for the full model than the others at
each time point. Significant performance improvement was
observed when the Hist-Immune signature was integrated into
the full model (NRI 0.533, 95% CI 0.310-0.757, P < .001).

4. Discussion

This study presents a fully automated pipeline that identified
the objective histogram features of immunohistochemical
images. We build a Hist-Immune signature in the training set
with selected features and validate its prognostic value in two
validation sets. Our results show that the immune-related
signature could reflect the immune status of patients with
colorectal cancer. In addition, through developing a full
model, which incorporates the Hist-Immune signature and
clinicopathologic factors, we found that the Hist-Immune sig-
nature has incremental prognostic value comparing with the
model only involving clinicopathologic predictors.

In recent years, comprehensive immune cell profiling stu-
dies have moved to the forefront of cancer research.>">* Some
data collected from the CRC cohort showed that the status of
infiltrating lymphocytes in localized tumors has potential prog-
nostic implications for OS and disease-free survival.”>**
Image biomarker-driven precision medicine is prevalent in
medical oncology.'®*®* Several semi-automated methods
using IHC images to quantify TILs spatial distribution, such
as Immunoscore, were proposed as independent prognostic
factors for CRC.”®**° Multiplexed immunofluorescence
method was also used for automated image analysis, and multi-
immune cells spatial interactions combination has been shown
increased prognostic value.”'" In this context, we aimed to
investigate the prognostic value of the rapid, fully automated
pipeline-identified histogram features of IHC images in
a multicentre population. Following a rigorous scientific pro-
cess, wherein the statistical analyses were performed by an
independent and external validation group, our results showed
that the Hist-Immune signature built using these objective
features could stratify CRC patients into low- and high-risk
groups for overall survival. The Hist-Immune signature
derived from the rapid, fully automated pipeline could serve
as a convenient and robust biomarker for predicting OS in
CRC patients.

Our study has three main advantages. First, the Hist-
Immune signature generation process is fully automatic,
improving repeatability and reducing the pathologist’s work-
load. While other immune classification methods, such as
Immunoscore,” require the pathologist to delimit the tumor
region on WSI manually. Our method is more suitable for
large-scale applications with less cost. Secondly, we used the
quantitative features extracted from the IHC slide image,
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Figure 3. Time-dependent ROC and AUC curves of models in the (a) training, (b) internal validation, and (c) external validation sets. Time-dependent ROC curves were
evaluated for 5-year overall survival, and time-dependent AUC curves were plotted for 12 to 60 months.

which can reflect the type and spatial distribution of immune
cells more accurately. In previous studies,''"® HE stained
digital pathology images were often used to derive these fea-
tures. While HE images contain tumor-infiltrating lymphocyte
information but lack information on specific immune cells

(e.g., CD3 and CD8). Finally, instead of thousands of quanti-
fied features, we used basic, robust, and fast-computable histo-
gram features. Although one study tried to determine lung
cancer prognosis using automatically derived image features
from HE stained digital histopathology images,"' the



thousands of features (9879 quantitative features) make it
difficult for clinical utility. While only 30 histogram features
used in our study can be quickly evaluated in clinical practice,
the method developed in this study is an easy-to-use pipeline
for objective and rapid prognostic prediction for patients with
colorectal cancer.

We also showed that cancer’s clinical prognosis varies in
a manner not fully explained by clinicopathological variables
alone, but the Hist-Immune signature contributes to the var-
iance. We identified age, stage, and Hist-Immune signature as
independent prognostic factors for overall survival in CRC
patients through multivariable analysis. These findings were
highly consistent with the results of previous studies.”””*°
Moreover, we can confirm that the Hist-Immune signature
better discriminates patients with varied survival outcomes
than established clinicopathologic variables alone.

One limitation of our study is that this analysis was retro-
spective, which may be susceptible to bias introduced from
certain risk factors and the loss of follow up. However, the
internal and external validation sets were used to confirm the
full model’s performance combining Hist-Immune signature
with clinicopathologic factors. Also, the sample size in Cohort
2 was small. The patient in the external validation set had stage
II-TIT colon cancer, which was inconsistent with the training
and internal validation sets. However, the final model did well
in the external validation set, indicating that the model was
robust and insensitive to these differences.

In conclusion, we report a Hist-Immune signature con-
structed by a fully automated image analysis pipeline, which
could reflect the immune status of patients with colorectal cancer
and stratify patients by risk. Multivariate analysis further con-
firmed that the derived signature remained a stage-independent
prognostic factor for predicting overall survival. This fully auto-
matic workflow is well suited for risk stratification and decision
making in clinical practice.
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