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Abstract

Introduction—~Pathological examination of histopathological slides is a routine clinical
procedure for lung cancer diagnosis and prognosis. Although the classification of lung cancer has
been updated to become more specific, only a small subset of the total morphological features are
taken into consideration. The vast majority of the detailed morphological features of tumor tissues,
particularly tumor cells’ surrounding microenvironment, are not fully analyzed. The heterogeneity
of tumor cells and close interactions between tumor cells and their microenvironments are closely
related to tumor development and progression. The goal of this study is to develop morphological
feature—based prediction models for the prognosis of patients with lung cancer.
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Method—We developed objective and quantitative computational approaches to analyze the
morphological features of pathological images for patients with NSCLC. Tissue pathological
images were analyzed for 523 patients with adenocarcinoma (ADC) and 511 patients with
squamous cell carcinoma (SCC) from The Cancer Genome Atlas lung cancer cohorts. The features
extracted from the pathological images were used to develop statistical models that predict
patients’ survival outcomes in ADC and SCC, respectively.

Results—We extracted 943 morphological features from pathological images of hematoxylin and
eosin-stained tissue and identified morphological features that are significantly associated with
prognosis in ADC and SCC, respectively. Statistical models based on these extracted features
stratified NSCLC patients into high-risk and low-risk groups. The models were developed from
training sets and validated in independent testing sets: a predicted high-risk group versus a
predicted low-risk group (for patients with ADC: hazard ratio = 2.34, 95% confidence interval:
1.12-4.91, p=0.024; for patients with SCC: hazard ratio = 2.22, 95% confidence interval: 1.15-
4.27, p=0.017) after adjustment for age, sex, smoking status, and pathologic tumor stage.

Conclusions—The results suggest that the quantitative morphological features of tumor
pathological images predict prognosis in patients with lung cancer.
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Introduction

NSCLC is the most common cause of lung cancer mortality, accounting for approximately
85% of such deaths.! Within NSCLC, adenocarcinoma (ADC) and squamous cell carcinoma
(SCC) are the two major subtypes, with distinct prognoses and therapeutic remedies.2-3

Recent studies have shown that the growth patterns of lung cancer are associated with
patients’ survival outcomes.*~’" A new classification system based on the predominant tumor
histological patterns was recommended for lung ADC,8 and its prognostic impacts have
been verified in several studies.®-11 Furthermore, these newly defined ADC subtypes have
different responses to chemotherapies.12 Despite its predictive and prognostic value, the new
ADC subtype classification system requires extensive information processing by a
pathologist to interpret highly complex pathological images, which is time-consuming and
subjective, and generates considerable interobserver and intraobserver variations,13-14
Furthermore, there are no clear distinctions among ADC subtypes and most ADC cases are
mixtures of several subtypes, so determining the ADC subtypes is challenging and prone to
error.

Image features derived from computer-aided pathological analysis have been used to predict
the survival of patients with breast cancer and to complement cancer molecular testing.15-17
These studies demonstrated the feasibility of using digital pathological image analysis for
objective and unbiased clinical prognosis. However, there is a lack of such comprehensive
pathological image analysis for lung cancer owing to the complexity and heterogeneity of
the disease.
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In this study, we developed a pathological image analysis pipeline to automatically extract
morphological features and a statistical model based on these extracted features to predict
survival outcomes of patients with lung cancer. The pathological images for 523 patients
with ADC and 511 patients with SCC were downloaded from The Cancer Genome Atlas
(TCGA) data set and analyzed using this pipeline. Prediction models were developed from
training sets and validated in independent testing sets for ADC and SCC separately. The
results showed that the pathological imaging—based algorithms predicted the prognoses of
patients with lung cancer.

Materials and Methods

Collection and Preprocessing of Patient Histological Samples

We acquired hematoxylin and eosin (HE)-stained histological images for patients with ADC
and patients with SCC from the TCGA data portal (https://tcga-data.nci.nih.gov/tcga/). All
available HE pathological images from the TCGA data portal were included in this study.
These images were captured at x20 or x40 magnification and include both frozen and
formalin-fixed, paraffin-embedded slides. The corresponding patients’ clinical information
was also obtained from the TCGA database. Detailed information on the slides and patients
is summarized in Table 1. Image data in .svs file format were read and processed in
MATLAB, version 2015a (The MathWorks, Natick, MA). To make the downstream
computation feasible and prepare the data in the correct format for morphological features
extraction, SVS images were cropped into millions of 500 x 500-pixel tiff images. The tiff
image patches that contained mostly background white space were filtered out by a
computer algorithm. From the remaining imaging patches, 20 representative tiff images were
randomly selected by a computer algorithm to avoid potential subjective bias and reduce
computational time for each SVS image.

Extraction of Morphological Features

The morphological features of the image patches were extracted and measured using
CellProfiler, an open source cell image analysis software program developed by the Broad
Institute (Cambridge, MA).18:19 Features were extracted by choosing and setting the
parameters for different analysis modules (see Supplementary Materials for module
parameter settings), and finally batch files were created to be able to process all images in
batches by using a computational cluster. All 943 extracted morphological features of the 20
representative tiff images for each SVS slide were summarized by using the sample mean to
slide level. When a patient had multiple tissue slides, the summarized value of the
morphological features from the multiple slides were averaged to represent the value in the
patient for further statistical analyses.

Development of Prediction Models

The TCGA data set was randomly partitioned with the R package caret (version 6.0-47) into
two data sets: two-thirds of the patients were used in the training set and one-third were used
in the testing set. To ensure the robustness and validity of our results, the random partition
was repeated 100 times. Cox proportional hazards analysis by the R package survival
(version 2.38-1) was used to select the morphological features that were significantly
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associated (p < 0.05) with patient overall survival in the training set. A random survival
forest method?9-21 (R package randomForest SRC 1.6.1) was used to develop the prediction
models for patient survival outcomes in ADC and SCC, respectively. For each tumor subtype
(ADC or SCC), a prediction model was developed from the training set and validated in the
testing set. The model assigned a risk score for each patient in the testing set on the basis of
the morphological features for that specific patient. The patients in the testing set were then
separated into high- and low-risk groups on the basis of their predicted risk scores (with the
median risk score used as a cutoff). All the analyses were performed with R version 3.1.1.,
using the aforementioned packages.

Survival Analysis

Results

Overall survival time was calculated from the date of surgery until death or the date of last
follow-up contact. Survival curves were estimated by the Kaplan-Meier product limit
method.22 Differences in the survival outcomes between the predicted high- and low-risk
groups were compared by a log-rank test to evaluate the performance of the prediction
model in the testing sets. A multivariate Cox proportional hazards model23 was used to
determine the association between predicted risk groups and the overall survival adjusted for
other clinical variables, including age, sex, smoking status, and stage.

Comprehensive Extraction of Morphological Features of Lung Pathological Images

Image data obtained from the TCGA cohort contained 1581 slides from 523 patients with
ADC and 1625 slides from 511 patients with SCC. Of the 1581 ADC slides, 1337 were
tumor samples and 224 were nonmalignant. Of the 1625 SCC slides, 1272 were tumor
samples and 353 were nonmalignant. Age, sex, vital status, cancer stage, and smoking status
were summarized in Table 1. After primary processing and filtering, morphological
phenotypes of images were analyzed to extract regional features, such as cell and tissue
texture and granularity. Next, cell nuclei were detected and segmented so that the cell-level
features, such as cell size, shape, distribution, and texture of nuclei, could be specifically
measured and analyzed. In total, we extracted 943 morphological features of tissue texture,
cells, nuclei, and neighboring architecture. These features contained objective and
quantitative morphological information provided by the histological images. The data
processing procedures are summarized in Figure 1.

Morphological Features Predict Patient Survival in Both the ADC and SCC Subtypes

Among the extracted morphological features, 18 features were significantly associated (p <
0.05) with the overall survival of the patients with ADC in the training set (Table 2). These
features were highly enriched (p = 0.00035) by tissue texture—related features
(Supplementary Table 1). A prediction model based on these 18 morphological features was
developed from the training set and validated in the testing set. The predicted high- and low-
risk groups showed significant difference in survival (p = 0.009, log-rank test). The median
survival time for the predicted low-risk group was 7.35 years versus 2.60 years for the
predicted high-risk group (Fig. 2A4). Multivariate analysis indicated that the predicted risk
group was significantly associated with patients’ overall survival (HR = 2.34, 95%
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confidence interval: 1.12-4.91, p= 0.024) after adjustment for age, sex, smoking status, and
tumor stage (Table 3).

For the SCC cohort, 12 morphological features were significantly associated with survival (p
< 0.05) in the training set (Table 4). These features were significantly enriched (o = 0.0036)
by granularity-related features (Supplementary Table 2). SCC is morphologically and
clinically heterogeneous; further subclassification on the basis of morphology and molecular
profiles may stratify the heterogeneity and lead to more accurate clinical prognosis.242°
Furthermore, the differentiation level of SCC may be relevant for tumor prognosis. The
morphological features are likely to reflect the different differentiation levels and subtypes
of SCCs and thus be associated with patient prognosis. Again, a prediction model based on
these 12 morphological features was developed from the training set and validated in the
testing set. The predicted high- and low-risk groups showed significant difference in survival
(p=0.014, log-rank test). The median survival time for the predicted low-risk group was
9.25 years versus 2.95 years for the predicted high-risk group (Fig. 2B8). Multivariate
analysis indicated that predicted risk group was significantly associated with patients’
overall survival (HR = 2.22, 95% confidence interval: 1.15-4.27, pvalue = 0.017) after
adjustment for age, sex, smoking status, and tumor stage (see Table 3).

Representative images for high- and low-risk patients were shown both for patients with
ADC (Fig. 3A4) and for patients with SCC (Fig. 38). Some images from low-risk patients
showed a higher level of differentiation compared with images from high-risk patients, such
as mucus secretion in ADC and keratinization in SCC. Moreover, some low-risk images
show large areas of stroma, which could potentially restrict the tumors from further
expansion. Interestingly, many images that are challenging for pathologists to distinguish
solely by eye were separated into high- and low-risk groups by the computational image
analysis, which provides meaningful additional diagnostic value.

To test the robustness of the prognosis features in both the ADC and SCC data sets, we
repeated the random partitioning of training and testing sets 100 times. We performed the
univariate survival analysis for each feature in each randomly selected training set and
calculated the frequency of each feature showing a significant association (p < 0.05) with
survival outcomes out of these 100 random partitions. The analysis showed that the result is
robust. For example, a top feature Texture_Correlation_MaskedEosin_80_45 associated with
ADC prognosis in the original training data set showed a significant association with
survival in 87 of 100 bootstrapping data sets. In addition, all of the highly robust features for
SCC prognosis (significant in >50% bootstrapping data sets) were included in our reported
12 SCC prognostic features from the training data set, and 70% of such features were
included in our ADC prognostic features. All these results showed the robustness of the
feature sets reported in the study.

Discussion

Comprehensive Exploration of the Morphological Information in Pathological Images

Current lung cancer classification focuses on several distinct tumor cell morphological
features. However, even within the same type of cancer cells, the tumor cell morphology can
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be quite heterogeneous.2® The tumor microenvironment, which plays an essential role in
tumor prognosis and response to therapy, has been largely overlooked.2” For example,
macrophage and lymphocyte filtration have dual roles in immune defense and tumor
progression.28 Increased abnormal vasculature may be associated with tumor expansion and
metastasis.2%:30 Keratinization of squamous tumor cells indicates good differentiation and is
associated with better prognosis.31:32 Pathological images harbor essential information on
the histological organization and morphological characteristics of tumor cells and their
surrounding tumor microenvironment, both of which affect tumor growth patterns and
contribute to tumor prognosis.33 However, this information is hard to distinguish and extract
using only the human eye and brain. Therefore, systematic analyses of pathological images
using computer algorithms could reveal hidden information in decoding tumor development
and progression in lung cancer. The 943 features we extracted from the pathological images
provide objective and quantitative information harbored in the images, which makes them
well suited for downstream statistical analysis and modeling.

Computation-Based Image Analyses Predict Patient Survival in Both ADC and SCC

Clinicopathologic staging is a standard clinical procedure for tumor diagnosis and prognosis
for lung cancer. However, it does not fully capture the complexity of the disease, so
heterogeneous clinical outcomes within the same stage are common. Although the
classification of lung cancer has been updated to become increasingly specific,343° the
disease progression and response to treatment vary widely even among patients with the
same histological subtype.26:36 Therefore, it is of substantial clinical importance to be able
to predict patients’ clinical outcomes and thereby “tailor” the treatment for each individual
patient. In this study, we showed that prognostic models developed for lung cancer
morphological features predicted the prognosis of patients with lung cancer. In independent
validation sets, the patients in the predicted low-risk group had significantly better survival
compared with those in the predicted high-risk group.

Previously, Wang et al.3” identified pathological image markers for ADC versus SCC
classification and survival prediction. However, that study was based on only 122 patients
with lung cancer. More importantly, the prediction model developed from that study was not
subtype specific. Because the growth patterns, prognoses, and therapeutic remedies are
distinct between ADC and SCC,238 subtype-specific prediction models are more clinically
meaningful.

A recent independent research by Yu et. al.3? also used CellProfiler software to extract
features from pathological images of the TCGA lung cancer cohorts and reached a main
conclusion similar to that of our study: that computational pathological image analysis is
effective and powerful in predicting the prognosis of patients with ADC and patients with
SCC. Despite the similarities of our studies, there are some differences and unique
perspectives in our approaches and focus. First, our multivariate analysis (shown in Table 3)
indicated that the prognostic performance of the identified morphological features is
independent of other clinical variables, including age, sex, smoking status, and pathological
stages, whereas Yu et. al.3 focused only on stage | patients and did not consider other
clinical variables in the analysis. Second, we identified 18 features belonging to four
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morphological categories associated with prognosis in patients with ADC (see Table 2) and
found that tissue texture—related morphological features are enriched in ADC prognostic
features (Supplementary Table 1). Similarly, we identified 12 features belonging to three
morphological categories associated with the prognosis of patients with SCC (see Table 4),
and tissue granularity—related morphological features are enriched in SCC prognostic
features (Supplementary Table 2). No specific prognostic morphological features or
categories were reported in the study by Yu et. al.3° Third, we repeated the random
partitioning of training and testing sets 100 times to demonstrate the robustness of the
selected features. In addition, we analyzed the associations between ADC subtypes (solid,
papillary, micropapillary, lepidic, and acinar) and the morphological features. We found that
although some of the ADC prognostic morphological features are associated with ADC
subtypes, the predictive power of the extracted morphological features could not be solely
explained by ADC subtypes. Thus, our study demonstrated the feasibility and robustness of
using computerized pathological imaging analysis in lung cancer prognosis to take NSCLC
histological subtypes into consideration.

Expanding Our Understanding of Tumor Development and Progression

Systematic analyses of the morphological information in tumor pathological images provide
information on tumor purity and tumor heterogeneity, which could facilitate normalization
and standardization in molecular analyses of tumor genetic alterations.1” Furthermore,
studies on the morphology features of certain molecular subtypes could improve our
understanding of the disease mechanisms and how different molecular compositions lead to
different morphological characteristics.*9 Moreover, tumor morphology and molecular
profiles (including gene mutation, copy number variation, mRNA, and protein expression)
provide complementary views of cell activities at different levels. In combination with
molecular assays and other clinical tests, the morphological analysis of tumor cells and their
surrounding environment could predict the clinical outcomes of individual patients more
precisely. With the advance of technology and analytical methods, it could be possible to
combine cancer imaging analysis with molecular analyses and all other clinical tests to
depict a comprehensive picture of the disease mechanisms, tumor grade, and patient
prognosis, and to eventually guide in the therapeutic decision for “precision medicine.”

Limitations and Future Research

Our research serves as a pioneer study to explore the feasibility of using digital pathological
image analysis for objective and unbiased clinical prognosis of patients with lung cancer.
The image feature—based prediction models predict the prognosis for patients with ADC and
patients with SCC. However, our current approach still faces some short-term limitations
and suggests interesting directions for future research and applications. First of all,
CellProfiler was developed to analyze cell images, but not specifically to analyze HE-stained
pathological images. This makes it rather difficult to translate the features defined in
CellProfiler into clinical terms used among pathologists. To overcome this limitation,
computational algorithms specifically designed for pathological image analyses with
quantitative features directly associated with clinical pathology are needed. Second, the
implementation and interpretation of a digital pathology analysis pipeline currently requires
relatively large data storage space and computational specialists to run the analysis. These
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may prevent the implementation of such a method in smaller facilities and hospitals.
Therefore, cloud-based storage, user-friendly software, and centralized image-based
diagnostic services will facilitate the application of digital pathology. Furthermore, the goal
of this study was to show the feasibility of pathological image analysis for the prognosis of
lung cancer, and only existing TCGA data were used in this study. Therefore, we could not
systematically evaluate how different types of samples and image acquisition procedures
affect the quality of data. A prospective study designed to evaluate the effects of different
resolutions, specimen sizes, and types of samples, such as resection, biopsy, or cytological
samples, will be important for future applications of computational pathological imaging
analysis in diagnosis and medical decision making.

In summary, our computational approach performed objective and quantitative analysis of
HE-stained pathological images and successfully predicted the prognosis of patients with
lung ADC and SCC, respectively. Our predictive model can improve the current clinical
practice and assist pathologists and clinicians in diagnosis and decision making for patients
with lung cancer. It can be extended to analysis of other types of images and other cancer
types. In the future, such pathological image—based analysis could be integrated with
molecular analyses and clinical tests to guide in the therapeutic decision for precision
medicine.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Pathological image data processing and analyses pipeline. Image data obtained from The
Cancer Genome Atlas lung cancer cohort contain slides of both nonmalignant lung and
tumor. After initial filtering and normalization, morphological phenotypes of images were
analyzed by using CellProfiler, and 943 morphological features of tissue texture, cells,
nuclei, and neighboring architecture were extracted. These features were used to develop
prediction models for patient survival, and cross-validations were implemented for model

evaluation.
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Figure 2.

Associations between survival outcomes and morphological feature—defined risk groups in
The Cancer Genome Atlas (TCGA) cohorts of patients with adenocarcinoma (ADC) and
squamous cell carcinoma (SCC). Kaplan-Meier survival curves for patients in the high-risk
group (red) and low-risk group classified by morphological feature—based prediction models
for both ADC (p=0.009) (A) and SCC (p=0.0143) (B). The features and prediction model
were derived from the training data, and the survival analysis was performed in the testing
data set.
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Figure 3.
Representative images for high- and low-risk patients with adenocarcinoma (ADC) and

squamous cell carcinoma (SCC). The patients with ADC and SCC in the testing set were
classified into high- and low-risk groups on the basis of prediction from extracted
morphological features. Three representative images are shown for each risk group for
patients with ADC (A) and SCC (B).
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Table 1
Patient Data Summary
Histologic Classes
Characteristic ADC SCC
No. patients 523 511

No. slides (tumor/nontumor)

1581 (1337/244)

1625 (1272/353)

Median age at diagnosis (LQ-HQ),y 66 (59-73) (NA = 22)

68 (62-73) (NA = 24)

Median follow-up (LQ-HQ)

.d 230 [46-730] (NA = 22)

272 [52-937] (NA = 26)

Vital status, n (%)

Alive 394 (75.3) 335 (65.6)
Deceased 126 (24.1) 160 (31.3)
NA 3(0.6) 16 (3.1)
Sex, n (%)
M 242 (46.3) 367 (71.8)
F 278 (53.2) 128 (25)
NA 3(0.6) 16 (3.1)
Cancer stage, n (%)
| 281 (53.7) 242 (47.4)
I} 126 (24.1) 156 (30.5)
11 85 (16.3) 87 (17)
v 27 (5.2) 7(1.4)
NA 4(0.8) 19 (3.7)
Smoking status, n (%)
Current smoker 121 (23.1) 134 (26.2)
Former smoker 310 (59.3) 336 (65.8)
Nonsmoker 75 (14.3) 18 (3.5)
NA 17 (3.3) 23 (4.5)

Note: Summary of the number of slides in ADC and SCC, respectively, and the patient demographic information.
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ADC, adenocarcinoma; SCC, squamous cell carcinoma; LQ, the lower quartile, 25th percentile; HQ, the higher quartile, 75th percentile; NA, not

available; M, male, F, female.
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Table 2

Top Morphological Features Associated with Survival Outcomes of Patients with Lung ADC

Feature Name from CellProfiler p Value

Granularity_9_MaskedEosin 0.0041

Mean_Tissue_Texture_Correlation_MaskedEosin_80_45 0.0042

Mean_Tissue_Texture_Correlation_MaskedEosin_40_135 0.0079

Mean_Nuclei_AreaShape_Zernike_5_3 0.011
Granularity_15_MaskedHema 0.013
Mean_Nuclei_AreaShape_Zernike_5_1 0.017
Texture_InfoMeas2_Inverted_80_45 0.017
Texture_Correlation_MaskedEosin_80_45 0.024
Granularity_8 MaskedEosin 0.025

Mean_Tissue_Texture_Correlation_MaskedEosin_80_0 0.026

Mean_Tissue_Texture_Correlation_MaskedEosin_40_0 0.031

Texture_Contrast_NucleiNeighborCount_100_90 0.032
Texture_Correlation_PercentNucleiTouching_100_0 0.035
Mean_Nuclei_AreaShape_Zernike_3 1 0.043

Mean_Tissue_Texture_Correlation_MaskedEosin_40_45 0.044

Mean_Tissue_Texture_Gabor_MaskedEosin_40 0.045
Mean_Nuclei_AreaShape_EulerNumber 0.049
Mean_Tissue_Texture_InfoMeas1_Inverted_40_45 0.049

Note: The 18 morphological features associated with survival outcomes of the Cancer Genome Atlas patients with ADC ranked by lowest p value
from univariate analysis on the training set of data.

ADC, adenocarcinoma.
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Table 3

Multivariate Analyses of Predicted Risk Groups Adjusted for Clinical Characteristics

Histological Classes ADC SCC

Predictor HR (95% ClI) pValue HR (95% CI) p Value
High- vs. low-risk group 2.34 (1.12-4.91) 0.024 2.22 (1.15-4.27)  0.017
Age 1.02 (0.99-1.06) 0.21 1.03 (1.00-1.07)  0.086
Sex 1.28 (0.63-2.64)  0.50 0.99 (0.49-2.00)  0.97
Smoker vs. nonsmoker 0.62 (0.22-1.79) 0.38 9.92e+05 (0-inf)  1.00
Pathological stage (11 vs. I) 1.39 (0.61-3.17) 0.44 1.22 (0.59-2.54) 0.59
Pathological stage (111 and IV vs. 1)  2.02 (0.94-4.36) 0.073 1.12 (0.51-2.45) 0.78
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Note: The prediction performances of the morphological feature-based models adjusted for clinical variables in the testing data sets for ADC and
SCC, respectively. Risk groups were defined on the basis of the risk scores of individual patients predicted by morphological feature—based models.

ADC, adenocarcinoma; SCC, squamous cell carcinoma; HR, hazard ratio; Cl, confidence interval.
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Table 4

Top Morphological Features Associated with Survival Outcomes of Patients with Lung SCC

Feature Name from CellProfiler p Value

Granularity_7_MaskedEosin 0.005282
Texture_Contrast_NucleiNeighborCount_100_0 0.006297
Granularity_14 MaskedHema 0.009601
Granularity_6_MaskedEosin 0.010949
Mean_Tissue_Texture_Gabor_MaskedEosin_80 0.017315
Granularity_8_MaskedHema 0.023477
Texture_Gabor_MaskedEosin_80 0.029167
Texture_Correlation_PercentNucleiTouching_100_135 0.029596
Texture_Correlation_NucleiNeighborCount_100_0 0.031148

Mean_Tissue_Texture_AngularSecondMoment_MaskedEosin_40_135  0.031895

Granularity_2_Inverted 0.03556

Granularity_8_MaskedEosin 0.039156

Note: The top 12 morphological features associated with survival outcomes of the Cancer Genome Atlas patients with SCC ranked by lowest p
value from univariate analysis on the training set of data.

SCC, squamous cell carcinoma.

J Thorac Oncol. Author manuscript; available in PMC 2017 June 07.



	Abstract
	Introduction
	Materials and Methods
	Collection and Preprocessing of Patient Histological Samples
	Extraction of Morphological Features
	Development of Prediction Models
	Survival Analysis

	Results
	Comprehensive Extraction of Morphological Features of Lung Pathological Images
	Morphological Features Predict Patient Survival in Both the ADC and SCC Subtypes

	Discussion
	Comprehensive Exploration of the Morphological Information in Pathological Images
	Computation-Based Image Analyses Predict Patient Survival in Both ADC and SCC
	Expanding Our Understanding of Tumor Development and Progression
	Limitations and Future Research

	References
	Figure 1
	Figure 2
	Figure 3
	Table 1
	Table 2
	Table 3
	Table 4

