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Non—small cell lung carcinoma is currently staged based on the size and involvement of other
structures. Tumor size may be a surrogate measure of the total number of tumor cells. A recently
revised reporting system for adenocarcinoma incorporates high-risk histologic patterns, which may
have increased cellular density. Modern digital image analysis tools can be utilized to automate the
quantification of cells. In this study, we tested the hypothesis that tumor cellularity can be used as a
novel prognostic tool for lung cancer. Digital slides from The Cancer Genome Atlas lung adenocar-
cinoma (ADC) data set (n = 213) and lung squamous cell carcinoma (SCC) data set (n = 90) were
obtained and analyzed using QuPath. The number of tumor cells was normalized with the surface
area of the tumor to provide a measure of tumor cell density. Tumor cellularity was calculated by
multiplying the size of the tumor with the cell density. Major histologic patterns and grade were
compared with the tumor density of the lung ADC and lung SCC cases. The overall and progression-
free survival were compared between groups of high and low tumor cellularity. High-grade histo-
logic patterns in the ADC and SCC cases were associated with greater tumor densities compared
with low-grade patterns. Cases with lower tumor cellularity had improved overall and progression-
free survival compared with cases with higher cellularity. These results support tumor cellularity as
a novel prognostic tool for non—small cell lung carcinoma that considers tumor stage and grade
elements.

© 2022 THE AUTHORS. Published by Elsevier Inc. on behalf of the United States & Canadian Academy
of Pathology. This is an open access article under the CC BY license (http://creativecommons.org/
licenses/by/4.0/).

Introduction such as stage, grade, and molecular drivers. However, the risk of
) ) ; recurrence or progression is not completely captured by these
Lung cancer is a leading cause of cancer-related deaths. features, and there is a need for better prognostic tools to identify

Treatment decisions are driven by numerous features of tumors patients who may benefit from personalized treatments.
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The current staging system for non—small cell lung carcinoma
(NSCLC) is defined by the size of the tumor and its involvement in
other structures.” The grading of NSCLC was recently updated in
the fifth edition of the World Health Organization (WHO)
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Figure 1.

Semiautomated calculation of tumor density. (A) The outline of the tumor was contoured (yellow line). (B) A total cell detection image analysis was performed to detect both
tumor and nontumor cells. (C) Tumor areas were annotated, and using features from cell detection, a random trees-based object classifier in QuPath was used to classify tumor
cells from background stroma. (D) A high-power image showing cell detection following object classification is shown, with tumor cells in green and stromal cells in red.

classification of thoracic tumors. It now includes the recognition
of high-risk patterns of tumor growth that are associated with a
poor prognosis.>* The high-risk patterns of lung adenocarcinoma
(ADC) include micropapillary, solid, and complex glandular pat-
terns. In general, these high-grade patterns tend to visually have a
greater cellular density than lower-grade patterns of lepidic,
acinar, and papillary. However, this has not yet been formally
measured or quantified.” Multiple studies have shown the iden-
tification and quantification of these morphologic patterns to have
a high degree of interobserver variability and subjectivity.®
Squamous cell carcinoma (SCC) continues to be descriptively
graded into well-differentiated, moderately differentiated, and
poorly differentiated tumors. Currently, the WHO does not
recognize an established grading system for SCC lung cancer.’

The current grading and staging systems are typically assessed
by pathologists using conventional analog microscopes. However,
the increasing digitization of histologic slides presents a novel
opportunity to further quantify and characterize tumors. The
standard T staging and grading systems for lung cancer consider
tumor size and the distribution of histologic patterns.” However,
considerable variation in survival of patients with the same T stage
suggests that tumor size, a major component of the TNM staging
system, can be further improved with advancements in digital
pathology tools.'° Tumor size may serve as a surrogate measure
for the total number of tumor cells. Furthermore, given the high
architectural density of high-grade patterns of tumor growth, the
measurement of tumor cellularity could provide a means to
incorporate both tumor grade and T stage.

Counting all cells in large tumors is not feasible using analog
microscopes. However, by leveraging the power of digital pa-
thology using image analysis and machine learning, it is possible

to effectively and efficiently quantify the number of tumor cells on
histopathology slides to generate a measure of tumor density. The
density can then be multiplied by tumor size to generate the
overall tumor cellularity value. Here, we applied this novel system
to a cohort of NSCLC cases and showed that tumor cellularity is a
novel predictor of outcomes in patients with NSCLC.

Methods
Patient and Clinical Samples

The retrospective study population was drawn from digitized
slide data sets of NSCLC from The Cancer Genome Atlas (TCGA).
Cases from the lung ADC data set (n = 213) and lung SCC data set
(n = 90) were used. One representative slide was available for
each case. Patients with incomplete clinical information needed to
stage the tumor were excluded from this study. Of this subset of
patients, eligible cases were selected randomly based on the nu-
merical order of TCGA case numbers to be included in the data set.
Information in the available pathology report was utilized to stage
all the cases using the current eighth edition of the AJCC staging
system for lung carcinoma.’

Semiautomated Tumor Cell Counting

Using QuPath,'" a thoracic pathologist (M,J.C.) annotated and
reviewed representative areas of the tumors. The annotation
process consisted of contouring the tumor edge from the sur-
rounding uninvolved lung parenchyma (Fig. 1A). The overall
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Table 1

Multivariable analysis of overall survival
Characteristic HR 95% CI P value
Cellularity

Low — —

High 2.04 1.14-3.63 .016
Sex

Male — —

Female 1.12 0.73-1.71 .61
Age 1.00 0.98-1.02 .76
Tumor size (cm) 0.83 0.65-1.06 .14
N stage

0 — —

1 1.87 1.20-2.92 .005

>2 0.82 0.42-1.60 .57
T stage

<pT1b — —

pTic 0.76 0.32-1.80 .53

pT2a 1.14 0.54-2.39 73

pT2b 1.82 0.66-5.01 25

p13 221 0.68-7.16 .19

pT4 3.67 0.63-21.5 15
Diagnosis

Adenocarcinoma — —

Squamous cell carcinoma 0.80 0.50-1.29 37
Grade

Well or moderate — —

Poor 1.10 0.72-1.68 .65

Bolded values indicate P < .05.

extent of the tumor on the representative slide was annotated and
reviewed for all the cases. Within the tumors, the cell detection
algorithm in QuPath'' was utilized to count cells and extract
standard nuclear and cellular features, including size, density, and
staining intensity (Fig. 1B). The cells were detected using the
standard cell detection function based on the optical density using
hematoxylin staining. Given the staining variability among the
slides, the individual parameters were varied to optimize cell
detection. The optimized parameters were chosen to reduce nu-
clear fragmentation by varying the sigma function and excluding
smaller immune cells in tumors with large numbers of inflam-
matory cells by increasing the minimum nuclear area. The default
parameters were utilized in the majority of the cases, and only a
small subset required modification of these parameters to opti-
mize cell detection. The cell detection step of the study was per-
formed blinded to outcome data, and the optimization of cell
detection for each case was reviewed by a thoracic pathologist
(MJ.C.). The detected cell features were used to generate a cell
classifier that utilized a random trees-based object classifier that
was trained on manually annotated areas of the tumors as training
data (Fig. 1C, D). Given the heterogeneity of the tumors and stain
intensity among the cases, we trained the object classifier on each
case independently and reviewed all the cases manually to ensure
accuracy. A small subset of the cases was excluded from the study
(n = 29) because of the inability to develop a reliable object
classifier secondary to low cellularity, staining properties, or other
artifacts.

Tumor Density and Tumor cellularity

The absolute number of tumor cells was recorded and
normalized by the surface area of the tumors on the slides to
generate a measure of tumor density. To generate a measure of

overall tumor cellularity, we multiplied the tumor density by the
surface area of the total tumor using the greatest linear dimension
as the diameter. The greatest dimension was abstracted from the
pathology report available in the TCGA data set.

Correlation of Tumor Density With Tumor grades and Histologic
Patterns

Given the known variability in the cell density of NSCLCs, we
selected representative 1260 x 1260-um panels in which the tu-
mors could be completely manually contoured, and the histologic
pattern and grade could be reliably determined. Representative
panels with an ADC growth pattern or SCC morphologic grade
were chosen. In these areas, we manually contoured all tumor
cells using the brush tool in QuPath, with all contours reviewed
and refined by a thoracic pathologist (M.].C. or LS.). Within the
contours, the cell detection algorithm described above was uti-
lized to enumerate the total number of tumor cells in the anno-
tated area.

Patient Demographics and Outcome Measurements

Available patient data were abstracted from the TCGA database
and pathology reports. The pathology reports were reviewed and
restaged based on the eighth edition of the TNM staging system by
a thoracic pathologist (M.].C.). Patient demographics and tumor
characteristics were outlined using descriptive statistics. Overall,
the progression-free survival was determined and assessed using
Kaplan-Meier curves and log-rank tests. Multivariable analyses
were performed using Cox proportional hazards regression.
Clinicopathologic factors, including sex, age, tumor size, stage,
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Table 2

Multivariable analysis of progression-free survival
Characteristic HR 95% CI P value
Cellularity

Low — —

High 2.13 1.24-3.66 .006
Sex

Male — —

Female 0.98 0.67-1.43 91
Age 1.01 0.99-1.02 .54
Tumor size (cm) 0.92 0.79-1.07 .26
N stage

0 — —

1 1.54 1.00-2.39 .050

>2 0.77 0.43-1.38 38
T stage

<pT1b — —

pTlc 0.90 0.43-1.89 .78

pT2a 1.01 0.52-1.97 .98

pT2b 1.67 0.72-3.86 .23

pT3 1.62 0.63-4.19 32

pT4 3.40 0.85-13.7 .085
Diagnosis

Adenocarcinoma — —

Squamous cell carcinoma 1.28 0.80-2.04 31
Grade

Well or moderate — —

Poor 1.36 0.92-2.00 13

Bolded values indicate P < .05.

Table 3
Stepwise cellularity analysis of overall and progression-free survival
Characteristic Overall survival Progression-free survival
HR 95% CI P value HR 95% CI P value
Cellularity bins

Q1 — 1.1e08 — — — —

Q2 — 2.4e10 1.65 0.85-3.07 11 1.75 0.99-3.10 .055

Q3 — 5.4e10 1.12 0.55-2.27 .76 0.96 0.48-1.92 .90

Q4 — 1.3e12 2.26 1.00-5.11 .049 217 1.00-4.72 .051
Sex

Male — — — —

Female 117 0.76-1.80 49 1.02 0.69-1.50 93
Age 1.00 0.99-1.03 .63 1.01 0.99-1.03 46
Tumor size (cm) 0.83 0.64-1.07 15 0.92 0.79-1.07 31
N stage

0 — — — —

1 1.93 1.24-3.00 .004 1.60 1.04-2.47 033

>2 0.74 0.38-1.46 38 0.73 0.41-1.32 .30
T stage

<pT1b = = = =

pTlc 0.64 0.26-1.54 32 0.77 0.36-1.66 51

pT2a 1.02 0.47-2.24 .95 0.97 0.47-1.98 .93

pT2b 1.63 0.56-4.76 37 1.72 0.68-4.39 25

pT3 222 0.69-7.14 18 1.73 0.66-4.55 .26

pT4 3.78 0.65-22.0 14 3.70 0.91-15.0 .067
Diagnosis

Adenocarcinoma — — — —

Squamous cell carcinoma 0.80 0.50-1.28 35 1.27 0.79-2.03 32
Grade

Well or moderate — — — —

Poor 1.14 0.74-1.75 .56 1.46 0.96-2.14 .077

Bolded values indicate P < .05.
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Table 4
Characteristics of patients with non—small cell lung carcinoma
ADC (n = 213) SCC (n = 90)
Diagnostic age (y)
Mean 64.4 67.1
SD 103 9.1
Sex, n (%)
Male 123 (57.7) 23 (25.6)
Female 90 (42.3) 67 (74.4)
Tumor size (cm)
Mean 3.8 4.6
SD 24 2.1
N stage, n (%)
0 147 (69.0) 56 (62.2)
1 41 (19.2) 25(27.8)
>2 25 (11.7) 9(10.0)
T stage, n (%)
T1 76 (35.7) 13 (14.4)
T2 91 (42.7) 47 (52.2)
T3 31(14.6) 21(23.3)
T4 15(7.0) 9(10.0)

ADC, adenocarcinoma; SCC, squamous cell carcinoma.

grade, and NSCLC subtype, were adjusted for in the multivariable
analyses (Tables 1-3).

Results
Patient Demographics and Determining Tumor Cellularity

The cases of lung ADC (n = 213) and SCC (n = 90) were
assessed. The patient demographics and tumor characteristics
were evaluated (Table 4). In this cohort, the majority of the tumors
were staged as >T2, and a subset of patients (31.0% of those with
ADC and 37.8% of those with SCC) had lymph node involvement
(pN1 or pN2).

Using Qupath,'" we developed a semiautomated system to
detect tumor cells on the slides (Fig. 1). By comparing automated
and manual cell counts, the accuracy of the object classifier was
estimated to be at least 85% to 95% for all the cases. The variability
in tumor density among the cases was multifactorial and related
to the presence of fibrosis, necrosis, and differences in tumor
growth patterns.

Association Between Tumor Grade and Cell Density

To better quantify the cellularity of each of the various tumor
growth patterns, we manually contoured tumor areas in the
representative 1260 x 1260-pum panels. In these areas, a single
predominant histologic type could be defined in order to study a
more homogenous population of tumor cells. There was a signif-
icant difference in the density of the different patterns of lung
ADC, with high-grade patterns (micropapillary, solid, and complex
glandular) having a higher density than other patterns (Fig. 2).
Similar findings were also observed in squamous lung cancers,
with poorly differentiated tumors having an increased density
compared with more differentiated tumors (Fig. 3).

The complex glandular group noted a range of density (Fig. 2).
Cases with the complex glandular pattern can be further divided
into those with cribriform and those with fused glands.'? Both the
patterns had a range of cellularity, including the fused glands

group, with some cases having lower cellularity, characterized by
small, fused nests of tumor cells in a desmoplastic stroma
(Supplementary Fig. STA). Other cases had higher cellularity, with
irregular back-to-back glands without intervening stroma
(Supplementary Fig. S1B).

Association of Cellularity and Patient Outcomes

Given the association between tumor density and histologic
grade, we sought to evaluate whether an estimate of total tumor
cellularity could be utilized to generate a novel prognostic marker
that combines grading and staging information. We plotted the
tumor cellularity versus the survival of the patients and identified
an apparent inflection point in survival at 55 x 10'0 cells
(Supplementary Fig. S2); we used this as a cutoff to define cases of
low (<5.5 x 10'° cells) and high (>5.5 x 10'° cells) cellularity. We
identified a significant difference in both overall survival (Fig. 4A)
and progression-free survival (Fig. 4D). In NSCLC, there was a
difference in both progression-free survival (hazard ratio [HR],
2.69; 95% (I, 1.67-4.32; P < .0001) and overall survival (HR, 2.22;
95% (I, 1.35-3.63; P < .0001). A difference in progression-free
survival was also identified for both SCC (HR, 2.61; 95% CI, 1.03-
6.60; P=.0077) and ADC (HR, 2.64; 95% CI, 1.53-4.56; P <.0001). A
difference was also observed in overall survival for the SCC (HR,
2.42; 95% CI, 1.05-5.57; P =.0061) and ADC cases (HR, 1.99; 95% ClI,
1.10-3.62; P =.0052). After adjusting for clinicopathologic factors,
cellularity was found to be an independent predictor of patient
outcomes in terms of both overall survival (HR, 2.06; 95% CI, 1.16-
3.66; P =.014) and progression-free survival (HR, 2.22; 95% CI,
1.30-3.80; P =.004) in patients with NSCLC. We further explored
the use of cutoff cellularity using an additional stepwise analysis
for overall survival and progression-free survival using 4 quartiles
of cellularity (Table 3). We found a significant difference in the
highest quartile of cellularity for overall survival, which trended to
significance for progression-free survival.

Discussion

One of the main purposes of pathology reporting is to provide
prognostic and predictive information that can be utilized to guide
increasingly complex patient management decisions. The stage
and grade of tumors are both important aspects of pathology
reporting, and stage influences the management of patients with
lung cancer.'® In lung cancer, the T stage is largely defined by the
size of the tumor, which may be a surrogate measure of the ab-
solute number of tumor cells present in the tumor. There is a range
of tumor densities that can be influenced by features such as
fibrosis, necrosis, and the growth pattern of the tumor cells. Uti-
lizing our semiautomated approach for tumor detection, we were
able to capture this variability to provide a more specific measure
of tumor cellularity that can account for these differences in tumor
composition.

The grading of lung ADC recently underwent a series of re-
visions. The newest system set out in the fifth edition of the WHO
classification of tumors of thoracic organs outlines a system that
defines tumors composed of >20% high-grade patterns as poorly
differentiated.> Accurate measurement of the contributions of
various patterns in an overall tumor can be a very challenging and
imprecise exercise. Further, there is only moderate agreement
among pathologists on various distributions of histologic pat-
terns.® In this study, we observed a greater tumor cell density in
the high-grade patterns of lung ADC and poorly differentiated SCC
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Figure 2.
Tumor density in lung adenocarcinoma. Representative areas of tumor demonstrating various morphologic patterns of adenocarcinoma, including (A) lepidic, (B) acinar, (C)
papillary, (D) complex glandular, (E) solid, and (F) micropapillary patterns. (G) Distinct cell densities were observed in various histologic patterns of lung adenocarcinoma.
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Tumor density in lung squamous cell carcinoma. Representative areas of tumor demonstrating (A) well-differentiated, (B) moderately differentiated, and (C) poorly differentiated
squamous cell carcinoma. (D) Distinct cell densities were observed in various histologic patterns of lung squamous cell carcinoma.

compared with that in low-grade patterns and well-differentiated
tumors, respectively. Our system of tumor cellularity can provide a
composite measure that captures both tumor stage and grade.
Further, because our methodology is not based on subjective
interpretation of histologic growth patterns but rather uses simple
objective quantification of tumor cells, its incorporation into
reporting may reduce interobserver variability. Surgical collapse
has also been shown to interfere with the assessment of archi-
tectural patterns and the degree of invasion.'*'> Quantification of
the absolute number of tumor cells normalized to a specific sur-
face area should conceptually minimize the effect of biases due to
surgical collapse.

We observed a range of cellular density in the complex glan-
dular group, with variation in both the fused gland and cribriform
subgroups (Fig. 2). The current study was underpowered to
quantify the difference between these subpatterns of complex
glandular formations. However, it is an important question to be
addressed in larger studies to determine whether all patterns
captured in the fused gland definition of complex glandular are

equally associated with cellularity and outcomes in patients with
lung ADC.

We found that the overall cellularity was able to provide
prognostic information about NSCLC, with improved overall and
progression-free survival in patients with low cellularity. The
difference in outcomes was most significant in patients with SCC,
with a median overall survival of 25 months in those with tumors
with high cellularity compared with 64 months in those with
tumors with low cellularity. A significant difference was also
observed in the ADC data set, with a median overall survival of 34
months in those with tumors with high cellularity compared with
49 months in those with tumors with low cellularity. SCCs often
have large areas of necrosis and fibrosis associated with the tu-
mors, which are typically measured as part of the overall size of
the tumors. By utilizing the measurement of tumor cellularity, we
may be better able to control for this variability and provide a
more accurate means of predicting outcomes.

Our preliminary inflection point served as an initial means to
develop a rational cutoff between low- and high-cellularity
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-m- Cellularity > 5.5 x 1010

Outcomes of cases based on calculated cellularity. Kaplan-Meier curves for (A-C) overall survival and (D-F) progression-free survival comparing low (<5.5 x 10'°) versus high
(>5.5 x 10'°) cellularity. Data shown are for (A, D) all non—small cell lung carcinomas as well as subdivided into (B, E) lung adenocarcinoma and (C, F) squamous cell carcinoma.
Median overall survival or progression-free survival, sample sizes, and P values from the log-rank analysis are shown in their respective figures. LUAD, lung adenocarcinoma;
NSCLC, non—small cell lung carcinoma; OS, overall survival; PFS, progression-free survival.

tumors. We performed an additional stepwise analysis using 4
quartiles of cellularity (Table 3). We found that our initial inflec-
tion point from the scatterplot fell within the third and fourth
quartiles of cellularity and was significantly different for overall
survival (P =.049) and trended to significance for progression-free
survival (Table 3). Larger, external validation studies are required
to further refine the cutoff point between groups of low- and high-
cellularity tumors and integrate other elements of T staging, such
as pleural invasion, into a potentially revised TNM classification
system.

We were able to efficiently apply our semiautomated approach
to cases using standard computers and free, open-source tools
(QuPath). Using this system, we needed to retrain the object
classifier among the cases. This is due, in part, to the variation in
hematoxylin and eosin staining between the different centers
utilized in the TCGA data sets. However, many new algorithms are
being developed by both academic and commercial laboratories
that have demonstrated the ability to reliably detect NSCLCs
across a range of staining with minimal training.'®!” These plat-
forms could be utilized to generate a completely automated
workflow.

There are limitations to the current study, with many related
to the use of the TCGA slides. Although this data set provides a
resource to test novel hypotheses, there are limited data on the
treatment of patients. Further, the cases span a range of
timelines, and many patients would have been treated with
regimes that would be outside the current standard of care.
Notably, most of the cases predate the routine use of immu-
notherapy, which has revolutionized the treatment of this dis-
ease.'® Further, only 1 histology slide was available for the
cases, and it is conceivable that this may not have been

representative of the overall cellularity of the tumors. The
majority of the tumors were <5 cm (Table 4); however, it is
possible that in larger tumors, the measure based on a single
slide was not reflective of the overall cellularity. Ongoing work
that is beyond the scope of this study seeks to validate and
refine our findings of tumor cellularity as a novel prognostic
feature in more recent data sets treated with defined therapies
with all slides available for assessment.

As we increasingly move toward digital workflows in pathol-
ogy, this study highlights the potential of digital image analysis
tools to produce valuable data that cannot be generated using
traditional analog microscopes. Using these data, we were able to
highlight tumor cellularity as a novel prognostic factor for NSCLCs.
Our pipeline uses all open-source, freely available software, and
we have made our methodology for this approach universally
available. We are also currently working to apply this technique to
smaller images of tumors that can be taken using a standard
camera or smartphone mounted to a microscope. We anticipate
that this approach will allow for the utilization of this method-
ology in laboratories with varying funding and infrastructure
levels across the globe. We hope that novel approaches based on
image analysis of tumors can be integrated into future TNM
staging systems to better provide more accurate prognostication
tools to guide clinical decision making.
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