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Purpose: The abundance and distribution of tumor-infiltrating lymphocytes (TILs) as well as that of other components 
of the tumor microenvironment is of particular importance for predicting response to immunotherapy in lung cancer 
(LC). We describe here a pilot study employing artificial intelligence (AI) in the assessment of TILs and other cell pop-
ulations, intending to reduce the inter- or intra-observer variability that commonly characterizes this evaluation. 
Design: We developed a machine learning-based classifier to detect tumor, immune, and stromal cells on hematoxylin 
and eosin-stained sections, using the open-source framework QuPath. We evaluated the quantity of the aforementioned 
three cell populations among 37 LC whole slide images regions of interest, comparing the assessments made by five 
pathologists, both before and after using graphical predictions made by AI, for a total of 1110 quantitative 
measurements. 
Results: Our findings indicate noteworthy variations in score distribution among pathologists and between individual 
pathologists and AI. The AI-guided pathologist's evaluations resulted in reduction of significant discrepancies across 
pathologists: three comparisons showed a loss of significance (p > 0.05), whereas other four showed a reduction in 
significance (p > 0.01). 
Conclusions: We show that employing a machine learning approach in cell population quantification reduces inter- and 
intra-observer variability, improving reproducibility and facilitating its use in further validation studies. 
Introduction 

The application of light microscopy for examining hematoxylin and 
eosin (H&E) tissue slides remains an essential practice in the field of cancer 
diagnosis. Such a technique requires the pathologist to accurately identify 
and distinguish the assorted histopathological components within complex 
images. For instance, LC histopathology is characterized by a complex inter-
play of tumor cells, immune cells (lymphocytes, plasma cells, macrophages, 
and granulocytes), fibroblasts, and endothelial cells.1 Many of said 
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measures are valuable biomarkers in the clinical field: several studies 
show how the density of tumor-infiltrating lymphocytes (TILs) correlates 
with better clinical outcomes2,3 such as longer disease-free survival (DFS) 
or improved overall survival (OS) in multiple cancer types.4 Nonetheless, 
studies have found substantial inter-reader variability in the assessment of 
TILs density using H&E slides and this has limited the use of TILs density 
as a prognostic marker for non-small cell lung cancer (NSCLC).5 

Moreover, tumor cell percentage within formalin-fixed paraffin-
embedded samples is a critical factor in the biomarker's evaluations using
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Next Generation Sequencing (NGS) panels, such as the ability to detect im-
portant low-frequency somatic mutations in target cancer therapy. 

Finally, it is known that evaluating the presence and quantity of differ-
ent cell populations is a process that is time-consuming and subjective. Fur-
thermore, it generates considerable inter- and intra-observer variation and 
is a qualitative or, at best, semi-quantitative approach.6–8 

However, research in the field of diagnostic imaging is expanding with 
promising results. Although diagnosis based on examination of the classic his-
tological slide using optical microscopy remains the gold-standard, in recent 
years, advances in the digitization of histological specimens have led to digital 
slides or whole slide images (WSIs) production.9–11 Recently the Food and 
Drugs Administration (FDA) approved the use of WSIs for primary diagnostic 
use.12,13 In a few years, most new pathology slides will be digitized, enabling 
the development and clinical implementation of various digital pathology-
baseddiagnostic and prognostic biomarkers that are likely to provide decision 
support to traditional pathology interpretation in the clinical setting.1 Newan-
alytic approaches include the application of machine learning (ML) in image 
analysis in various fields such as pathology diagnostic14 and dermatology.15 

The advancement of sophisticated ML algorithms has the potential to 
enhance the analysis of pathological images and assist pathologists in 
their diagnostic duties, particularly in identifying neoplasms, detecting 
tumor metastases, and carry out accurate quantifications of distinct cell 
populations, including tumor and inflammatory cells. Multiple articles 
have suggested ML methodologies to assist pathologists in quantifying 
tumor cell fractions on digital scans. However, these endeavors predomi-
nantly encounter a common constraint: establishing a dependable 
ground-truth definition.16,17 In this work, we evaluate whether ML-based 
tools may improve pathology workflows to enable in-depth, reproducible, 
and accurate characterization of the tumor microenvironment, all with a 
limited manual curation effort and an objective evaluation strategy. 

Materials and methods 

Whole slide dataset 

This study used anonymized archived LC cases from the Regina Elena 
National Cancer Institute Biobank BBIRE. The dataset consists of scannable 
images from the surgical removal of LC (Table S1). The original diagnostic 
slides were derived from sections (4–5 μm thickness) cut from formalin-
fixed paraffin-embedded whole-slide blocks H&E stained. Thirty-seven 
H&E slides were scanned at 0.25 μm /pixel (40×) acquisition resolution 
using an Aperio AT2 (Leica Biosytems Inc.). Default instrument settings 
were used for scanning parameters; default autofocus was used and the 
scanner automatically selected the focus points number, but in a few 
cases, manual focus was applied to optimize sharpness. A single focal 
plane was used, without Z-stacking. Images were stored in a proprietary 
format (.SVS) and uploaded to a local WSI management server 
(eSlideManager, Leica). Slides were scanned in anonymized format; they 
were retrospective archival material, and the results did not have any im-
pact on the management of the patient. All patients included in the study 
provided written Broad Research Usage Informed Consent before surgery. 

Machine learning 

In this study, integrated tools from QuPath v.0.418 were used for image 
analysis. The scanned images of each slide were never analyzed in their en-
tirety but rather an expert pathologist selected regions of interest (ROIs). 
The selection criteria for the ROIs were meticulously defined to ensure 
comprehensive representation of the tissue architecture and tumor charac-
teristics. ROIs were chosen based on the presence of well-defined tumor re-
gions, ensuring a diverse and representative dataset. Additionally, areas 
with sufficient cellularity and minimal artifacts were prioritized to facilitate 
accurate annotation and subsequent algorithm training. The target cell pop-
ulations in this study include tumor cells, immune cells, and stromal cells 
such as fibroblast and endothelial cells. TILs were defined as mononuclear 
immune cells including lymphocytes and plasma cells.19 To ensure an 
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accurate analysis of cell populations, we calculated the stain vector for 
each image to perform color deconvolution in order to perform a color nor-
malization for each image. (Fig. 1A). This method allows us to separate the 
staining components20 and reduces staining variability and ensures more 
consistent and accurate tissue analysis (Supplementary Information).

To train and evaluate the cell classification model a total of 82 ROIs, 
which comprised 41 pairs, were utilized for training the classifier 
(Fig. 1B). The ROIs were manually drawn to construct the training set 
from 13 LC H&E digital slides. Each pair is characterized by a comparable 
number of cells and cell classes. One element of each pair was named Sample, 
whereas the other was assigned as Training. Sample regions provide learning 
input, whereas Training regions guide model parameter optimization for ac-
curate classification. Next, cell detection within these areas was performed 
with the deep learning nuclei segmentation algorithm StarDist v.4.0.21 The 
same set of parameters were used for the segmentation of all the other 
ROIs drawn. Segmented nuclei were manually annotated within the Sample 
ROIs. The quantity of cells to be annotated in the Sample ROIs was not 
predetermined but rather deduced throughout the annotation process 
based on the software's ability to characterize cells in the Training. As a result 
of this dynamic annotation process, the annotation of 370 cells resulted ad-
equate to learn enough features for cell type discrimination. Among these, 
150 were labeled as tumor cells, 86 as immune cells, and 132 as stromal 
cells. Thereafter, a random forest classifier model was trained on the Training 
ROIs, defined in the previous step, using the integrated QuPath function 
Train object classifier. The whole training process is documented in the Sup-
plementary Information. This methodology strongly reduces the time dedi-
cated to manual annotation process, while also avoiding overfitting. 

To test the classifier, 13 different WSIs of LC H&E distinct from those used 
in the training set were chosen. A total of 43 annotations were drawn and col-
lectively named Test ROIs with an average area of 44,459 square micrometers 
and a total of 19,477 cells were identified (Fig. 1C). Each classification made 
by the classifier was critically reviewed by an expert pathologist, identifying 
false positives and negatives, as well as true positives and negatives for each 
cell type, to calculate accuracy, sensitivity, and F1 score (Table S2). 

AI-pathologist comparative analysis 

A ROI, a rectangle containing a representative tumor area, was selected 
on a further 37 digital slides for comparative analysis with pathologist. The 
ROI area (5.8 mm2 ) was the same for all 37 slide images, within the tumor 
without including significant areas of necrosis or background tissue. First, 
all 37 ROIs were classified using the trained model. The pathologists were 
asked to estimate the percentage of tumor, immune, and stromal cells pres-
ent in each ROI in two rounds. In the first round (Round I), pathologists pro-
vided estimates without access to AI results. In the second round (Round II), 
they reconsidered their evaluations, incorporating graphical predictions 
generated by the AI. Additionally, each pathologist provided ratings on 
the efficacy of AI classification for each image. 

Statistical analysis 

Percentage assignments by pathologists and AI were analyzed by 
non-parametric statistical tests (Kruskal–Wallis and Wilcoxon rank-sum 
test α = 0.05). For the correlation study, Kendall's correlation coefficient 
was also performed. All the statistical surveys were conducted using R 
v. 4.2.2. Comprehensive details regarding the calculations can be found 
in Supplementary Information .

Results 

The effect of AI integration on pathologist evaluations 

We conducted a comparative analysis of tumor, immune, and stromal 
cell assessments in 37 ROIs related to lung cancer (LC), involving five pa-
thologists. This assessment was carried out both before and after integrat-
ing AI-generated graphical predictions, resulting in a total of 1110
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Fig. 1. Graphical Abstract. Depiction of all the steps devoted to the training and the evaluation of the cell classification model. (A) Pre-processing step; (B) training step; 
(C) test step.
measurements. Overall, in Round II, there was a percentual increase in pa-
thologists' assignments of tumor and immune cell classes (49.2% for 
tumor cells and 32.7% for immune cells in Round II, compared to 47.3% 
for tumor cells and 21.7% for immune cells in Round I), whereas there 
Fig. 2. (A) Illustration of the pathologist's estimation rounds. Round I and Round II have b
classification. (B) Pathologist's estimations heatmap. The heatmap shows the percentage
each ROI, the top annotation describes the average cell composition. Statistically significa
I and Round II is described and shown in the right annotation. (C) Quantification of in
correlation coefficients, calculated on the estimates given by all couples of pathologis
performed on the estimates given by all couples of pathologists (across ROIs), at two d
discrepancy. The boxplots represent Kendall correlation coefficients, calculated on the e
resent the number of significant Wilcoxon tests performed on the estimates given by the A
and 0.01). (E) Sharing Index (SI) heatmap in Round I and Round II for all three hierarch
individually. ROIs on the y-axis are sorted from the highest to the lowest global SI. A SI
of discrepancy across pathologists. 

3

was a decrease in the percentual assignment of stromal cells (12.1% in 
Round II compared to 21.1% in Round I)  (Fig. 2A). 

Our analysis revealed a significant variation in the pathologists' assign-
ments between the two rounds (p-value < 0.05, Wilcoxon test). Specifically,
een performed on the same ROIs with and without the visual support of AI-based cell 
 of the three cell types assigned by each of the pathologists (P1–P5) for all ROIs. For 
nt percentual variation (across ROIs) in estimates provided by pathologists in Round 
ter-pathologist discrepancy in Round I vs Round II. The boxplots represent Kendall 
ts (across ROIs). The bar plots represent the number of significant Wilcoxon tests 
ifferent p-value thresholds (0.05 and 0.01). (D) Quantification of AI vs. Pathologist 
stimates given by the AI vs. each of the pathologists (across ROIs). The bar plots rep-
I vs. each of the pathologists (across ROIs), at two different p-value thresholds (0.05 
ical positions as well as majority, minority, and intermediate hierarchical position 
 of 1 indicates complete agreement, whereas a SI of 0 indicates the maximum level 



E. Gallo et al. Journal of Pathology Informatics 15 (2024) 100400
a lower level of discrepancy was found across pathologists' assignments in 
the AI-aided assignments of Round II, because three comparisons showed 
a loss of significance (p > 0.05), whereas other four showed a reduction 
in significance (p > 0.01) (Fig. 2B). 

Increased pathologist consensus regarding cell estimates 

When comparing estimates between pairs of pathologists, there was an 
overall increase in concordance, as illustrated in Fig. 2C. Specifically, 
whereas the correlation between estimates for immune and stromal cells re-
mained similar (box plots), the number of significant differences decreased 
(bar plots). In the case of tumor cells, the number of significant differences 
(Kruskal–Wallis tests p-values <0.05) remained unchanged, yet the correla-
tion increased. 

The assessment of pathologists' assignments compared to those gener-
ated by AI revealed a notable rise in the average correlation coefficient 
and a decrease in the number of significant differences across the three cel-
lular populations (Fig. 2D). Taken together, these results indicate that the 
pathologist's percentage assignments were influenced remarkably by the 
AI-generated graphical prediction visualization in Round II. 

AI performance in cell population hierarchy evaluation 

Additionally, we aimed to evaluate AI performance based solely on the 
hierarchy of cell populations determined by pathologists, irrespective of 
their absolute counts. This approach led to the identification of three cate-
gories: majority, intermediate, and minority cell populations. Furthermore, 
we introduced the concept of a Sharing Index to quantify agreement among 
pathologists regarding hierarchical assignments through an index ranging 
from 0 to 1 (Supplementary Material). 

In Round I,  all  five pathologists assigned the same hierarchy of cell pop-
ulations in 3 out of 37 ROIs, which increased to 5 in Round II (Fig. 2E). The 
classifier also provided an identical hierarchy in this subset. The Sharing 
Index generally increased from Round I to Round II, with half of pathologists 
agreeing on either the majority or the minority class in 28 ROIs, as opposed 
to 16 ROIs in Round I. The AI assigned the same hierarchy as the majority of 
pathologists in 22 ROIs, the same hierarchy as the minority (i.e., at least one 
pathologist) in 6 ROIs, and a different hierarchy from all pathologists in 6 
ROIs. These findings indicated an increase in cases of complete agreement 
and partial agreement among pathologists in Round II. Furthermore, in in-
stances of absolute concordance, complete agreement was also observed 
between pathologists and AI. 

Finally, the output of the ML classifier, assessed at the cell level by an 
expert pathologist, demonstrated high accuracy on the test set (Table S2). 
AI-assisted classifications received grades from pathologists that were con-
sistently above passing grades, indicating that the classifier effectively cat-
egorized the segmented cells in most cases (Table S3). 

Discussion 

High levels of TILs have emerged as promising prognostic biomarkers in 
NSCLC patients.22 Additionally, mounting evidence suggests that TILs are 
strongly associated with favorable response rates to immunotherapy in 
NSCLC patients.23 The International Working Group on Immuno-
Oncology has published a set of guidelines for the manual evaluation of 
cell populations, such as TILs in H&E slides.24,25 However, despite these 
standardization efforts, their translational adoption into clinical practice 
has been limited due to the subjective nature and degree of variability of 
the assessments. 

Assessing cell populations in tissue samples by pathologists can often ex-
hibit significant variability.26,27 Due to the difficulty of making such assess-
ments, the adjacent microenvironment's cell populations are often 
overlooked. 

In our study, we utilized the QuPath software to develop a classifier ca-
pable of numerically quantifying tumor, immune, and stromal cells in stan-
dard H&E histological sections of LC. Whereas the use of StarDist for nuclei 
4

detection and ML-based cell classification appear to be promising tools for 
cell quantification, potential limitations related to the reliability of the seg-
mentation and classification algorithms must be considered. These limita-
tions may stem from biological artifacts or overfitting of the ML models. 
To mitigate these limitations and maximize the classifier's capabilities, we 
took care to avoid artifact-rich areas during the segmentation process and 
followed a meticulous training procedure. 

Our findings reveal that, despite employing the estimate stain vector 
functions, the classifier exhibited high sensitivity towards the presence of 
out-of-focus areas and variations in coloration. These variations may be at-
tributed to dissimilar coloring protocols or technical issues, such as subop-
timal section thickness and degraded dyes or color variation among 
different laboratories.28,29 To overcome this challenge, cutting-edge auto-
matic algorithms have been developed to identify the optimal regions for 
such analyses, thereby standardizing the quality of whole-slide images uti-
lized in research.30 

Not only did the ML classifier showed a general high level of accuracy, 
but played a crucial role in enabling the pathologists to assign more values 
that are comparable during the second evaluation. As demonstrated there 
exists a discernible disparity in the assignments of each pathologist even 
with the AI utilization. 

The AI-generated percentage for each cell population is primarily based 
on the area of segmented nuclei, whereas pathologists consider both the nu-
clei and the extracellular matrix when evaluating stromal cells. However, 
the percentages assigned to stroma by the pathologists were reduced 
(−42.7%) after viewing the AI's graphical predictions, suggesting a poten-
tial overestimation of stromal cells by the pathologists in Round I due to the 
challenge associated with detecting individual stromal cells in a complex 
context, at the expense of the other two cellular components (tumor cells 
and immune cells), with a percentage increase in Round II of +4% for 
tumor cells and+50.8% for immune cells. This disparity can be attributed 
to the challenge pathologists encounter in numerically and reproducibly 
quantifying different cell populations within a given area.31,32 

In conclusion, our objective was not to create a completely automated ML 
classifier for cell populations but rather to develop a computer-assisted tool 
that can aid pathologists in accurately estimating the proportion of various 
cell populations, resulting in a marked reduction of inter- and 
intra-observer variability and a significant improvement in reproducibility. 
Particularly, this tool can be beneficial in scenarios such as determining the 
percentage of cancer cells for molecular testing or evaluating the degree of 
immune infiltrate as a prognostic indicator for immunotherapy response. 
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