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Abstract 

Tumour microenvironment (TME) of breast cancer mainly comprises malignant, stromal, immune, and tumour 
infiltrating lymphocyte (TILs). Assessment of TILs is crucial for determining the disease’s prognosis. Manual TIL assess-
ments are hampered by multiple limitations, including low precision, poor inter-observer reproducibility, and time 
consumption. In response to these challenges, automated scoring emerges as a promising approach. The aim of this 
systematic review is to assess the evidence on the approaches and performance of automated scoring methods 
for TILs assessment in breast cancer. This review presents a comprehensive compilation of studies related to auto-
mated scoring of TILs, sourced from four databases (Web of Science, Scopus, Science Direct, and PubMed), employing 
three primary keywords (artificial intelligence, breast cancer, and tumor-infiltrating lymphocytes). The PICOS frame-
work was employed for study eligibility, and reporting adhered to the PRISMA guidelines. The initial search yielded 
a total of 1910 articles. Following screening and examination, 27 studies met the inclusion criteria and data were 
extracted for the review. The findings indicate a concentration of studies on automated TILs assessment in devel-
oped countries, specifically the United States and the United Kingdom. From the analysis, a combination of sematic 
segmentation and object detection (n = 10, 37%) and convolutional neural network (CNN) (n = 11, 41%), become 
the most frequent automated task and ML approaches applied for model development respectively. All models 
developed their own ground truth datasets for training and validation, and 59% of the studies assessed the prognos-
tic value of TILs. In conclusion, this analysis contends that automated scoring methods for TILs assessment of breast 
cancer show significant promise for commodification and application within clinical settings.
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Introduction
 Tumour microenvironment (TME) of breast cancer 
mainly comprises malignant, stromal and immune cells. 
TME plays a pivotal role in the tumorigenesis, progres-
sion, and metastatic spread of many cancers including 
breast cancer. Tumour infiltrating lymphocytes (TILs) 
are part of TME and evaluating it is crucial for determin-
ing the disease’s prognosis. TILs include various type of 
lymphocytes that have migrated into the TME and play 
an important role to fight against cancerous cells particu-
larly in highly proliferative breast cancers such as triple 
negative breast cancer (TNBC) and human epidermal 
growth factor receptor 2 (HER-2) positive breast can-
cer subtypes. TILs are a diverse group of immune cell 
types including cytotoxic CD8 + T-cells, natural killer 
(NK) cells, macrophages, T-helper cells, immune sup-
pressing B-cells and regulatory CD4 + T-cells [1]. TILs 
can be found in the tumor-associated stroma or embed-
ded in the tumor area. TILs in direct cell-to-cell contact 
with tumor cells, with no stroma between them known 
as intratumoral lymphocytes (iTILs), whereas stromal 
tumor-infiltrating lymphocytes (sTILs) are scattered or 
grouped TILs between carcinoma cells, and do not inter-
act directly with tumor cells. TILs assessment has also 
been shown to provide important prognostic informa-
tion for various types of solid tumors, including breast 
cancer [2]. Vicent et al. (2022) revealed that node nega-
tive TNBC with high sTILs (≥ 75%) have an excellent 
prognosis [3]. They provided evidence supporting the 
potential prognostic function of stromal TILs in TNBC 
patient. Therefore, TILs have been proposed as potential 
biomarkers for routine histopathological examinations 
and have been suggested for evaluating residual disease 
after neoadjuvant chemotherapy (NACT) [4]. TILs scor-
ing also has been regarded as a vital part of the TNBC 
prognosis workflow and HER-2 positive breast cancer 
[5]. A recent study also suggested that immunotherapy 
potential can be evaluated or predicted using WSI-
based assessments [6]. In addition to the immunological 
aspects of breast cancer management, effective treatment 
often involves multimodal strategies, including surgery, 
chemotherapy, targeted therapy, and radiation therapy. 
Radiation therapy, particularly post-mastectomy radia-
tion therapy (PMRT), is a crucial component for patients 
at high risk of local recurrence. PMRT has been shown to 
significantly improve survival rates by targeting residual 
microscopic disease that may persist post-surgery [7].

Various studies have shown that TILs and the spatial 
characterization of WSIs in histopathological sections 
provide diagnostic and prognostic values for TNBC and 
HER-2 positive breast cancers [8–10]. Therefore, accurate 
detection and quantification of TILs are important tasks 
for researchers to develop a standard and reproducible 

method for the clinical validity of TILs scoring, which 
can preferably be validated in several independent pop-
ulations and thus provide biomarkers with strong prog-
nostic and predictive power for cancer progression and 
therapeutic efficacy.

Incorporating TILs into routine clinical practice for 
TNBC is supported by international clinical and pathol-
ogy standard (St. Gallen 2019, WHO 2019, and ESMO 
2019) [11–13]. However, visual TILs assessment (VTA) 
or manual TILs assessment is susceptible to high inter-
observer variability and ambiguity due to the lack of 
adequate standardization and training [9, 13, 14]. Sub-
sequently, the TIL Working Group (TIL-WG), produced 
several published guidelines to standardize VTA in 
solid tumors and to enhance reproducibility and clini-
cal adoption [2, 15]. The use of a standardized method-
ology for TILs assessment as a reference standard will 
help to resolve many issues associated with TILs scoring 
in future studies. Nevertheless, visual TILs assessments 
have some limitations, including inter-reader variabil-
ity, time constraints in routine practice, and subjectiv-
ity, which may introduce bias [9, 16]. To overcome these 
issues, automated image analysis methods are required to 
reduce labour costs and provide consistent and accurate 
TILs evaluation. Research into automated TILs scoring 
has gained more notable surge and showing increasing 
trend from 2017. This is because automated scoring mod-
els for TILs assessment offering more accurate, efficient, 
and reproducible method of assessing TILs compared to 
manual scoring.

Automated TILs quantification refers to the method 
that utilizes computational algorithm and image analy-
sis techniques to quantify TILs, while deep learning 
(DL) methods is a subset of automated methods that uti-
lize artificial neural networks to learn from the data. DL 
approaches can learn complex pattern and hierarchical 
presentation leading to high-performance TILs quantifi-
cation providing highly accurate and robust TILs detec-
tion. Automated TILs assessments have great potential to 
address the fundamental limitations of visual TILs assess-
ments. There is evidence that computational algorithms 
have been successfully commercialized and used in medi-
cine, such as pap smear cytology analysers [17], blood 
analysers [18] and automated immunohistochemistry 
(IHC) procedures for ER, PR, HER-2, and Ki67 [19–23]. 
Despite that, the automated TILs assessments have been 
utilized in various clinical application. The use of this 
approach remains limited in breast cancer due to the lack 
of standardized protocols and guidelines for automated 
TIL quantification, causes inconsistency between stud-
ies and makes it challenging to compare outcomes. TILs 
assessment in breast cancer plays a significant roles as 
prognostic biomarker and predictive value for treatment 
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response. Recent advances in the field of computational 
pathology suggest that automated TILs scoring methods 
carry a significant potential for commercialization and 
deployment in a clinical setting. This systematic review 
was conducted to access the evidence on the approaches 
and performance of automated TILs scoring method in 
breast cancer.

Materials and methods
Study design
This systematic review was conducted in accordance 
with the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) guideline [24]. 
The protocol for this systematic review was registered 
in The International Prospective Register of Systematic 
Reviews (PROSPERO) database (Registration number 
CRD42023418519).

Systematic search strategy
To ensure comprehensive review for the relevant studies 
reported on the approaches and performance of the auto-
mated scoring techniques for TILs assessments in breast 
cancer, the systematic search was conducted across four 
major databases: Scopus, Web of Science, PubMed, and 
Science Direct. Two main search techniques were used: 
an advanced search technique and a manual search of 
the four main databases, as mentioned above. The main 
keywords used in the searches were “artificial intelli-
gence,” “tumor-infiltrating lymphocytes,” and “breast can-
cer.” Enriched keywords for artificial intelligence, include 
automated scoring, digital pathology, automated quanti-
fication, digitalization, computational, and standardized 
methodology. For tumor-infiltrating lymphocytes, the 
enriched keywords are lymphocytes, immune microen-
vironment, tumor-derived activated cells and for breast 
cancer, the enriched keywords include breast neoplasm, 
Triple negative breast cancer ER-Negative PR-Negative 
HER-2 negative breast cancer, ER-negative PR-negative 
HER-2 negative breast neoplasms, and lymphocyte-
predominant breast cancer. The Boolean operators “OR” 
and/or “AND” were used to combine the keywords for the 
advanced search process. Manual search, handpicking, 
backward tracking, and forward tracking were used to 
identify the relevant articles. The articles were restricted 
to those published between January 2017 and November 
2023. The search was enhanced using an asterisk (*) as a 
wildcard sign to include different word endings. A sum-
mary of the search strategies is presented in Table 1.

Article screening and quality assessment
We employed Rayyan AI, an advanced tool specifi-
cally developed for systematic reviews, to manage and 

screen the papers effectively. The Population, Inter-
vention, Comparator, Outcome, Study (PICOS) crite-
ria was applied to define search strategies, and guide 
articles selection (Table 2). This review identified cross 
sectional diagnostic accuracy study that focused on 
TILs assessment in breast cancer that were compared 
with manual ground truth dataset and the performance 
of the developed model. Selected articles identified 
through the literature search were screened for eligibil-
ity. The inclusion criteria were as follows: (i) the arti-
cle meets all requirements in the P.I.C.O.S criteria (ii) 
the articles were published between January 2017 and 
November 2023, and (iii) the articles used the English 
language. The publication years were chosen to ensure 
study maturity, as proposed by Kraus, (2020) [25]. Eli-
gible studies were restricted to the English language to 
ensure clarity and accessibility of the extracted data, 
and to avoid linguistics confusion for the investigators. 
Linares (2018) recommended using English as an inclu-
sion criteria for investigator because reading articles in 
languages other than English could result in confusion, 
higher time-consumption and cost [26]. Studies were 
excluded if: (i) the articles did not fulfil the PICOS cri-
teria, (ii) the articles were not original research, includ-
ing letters, newsletters, editorials, book chapters, or 
case studies; (iii) duplication of studies; or (iv) studies 
reported using other than English language.

The selection process involved three phases: First, 
the title and the abstract of the articles were screened 
by one investigator, and those that failed to meet the 
inclusion criteria were excluded. Then, the remain-
ing articles were carefully examined and screened by 
two investigators based on the abstract and in cases of 
uncertainty, the full paper was downloaded. Lastly, the 
quality and risk of bias in each study were assessed by 
two investigators using the QUADAS-2 tool to char-
acterize each study in four domains (Patient election; 
Index test; Reference standard; Flow and timing) [27]. 
Any disagreements regarding article selection and cat-
egorization were resolved through discussion.

Data extraction and analysis
The data extraction process involved manual retrieval 
of information from each study, including the first 
author’s name, publication year, study location or coun-
try, sample size, sample type, source of sample, stain-
ing type, scanner type, method for detecting TILs, 
approach to developing ground truth, the measured 
location of TILs, clinical outcome, and correlation 
between automated approach and pathologist consen-
sus on TILs assessment. Subsequently, the collected 
data was organized and compiled into tables.
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Results
Article selection
The article selection process for this study was summa-
rized using the PRISMA flow chart (Fig.  1). A total of 
1910 relevant articles were identified through the elec-
tronic databases search, Scopus (n = 558), Web of Sci-
ence (n = 346), Science Direct (n = 529) and PubMed 
(n = 477). All identified articles were then imported to 
the Rayyan AI tool. The tool detected and marked 917 

duplicate articles from the various databases. The algo-
rithm developed by Rayyan AI accurately identified these 
duplicate items, which were then eliminated from further 
analysis. Title and abstract screening were performed for 
the remaining articles (n = 993). Following the titles and 
abstracts screening, 922 articles were excluded for fur-
ther analysis. A total of 73 (including 2 new study added) 
full-text articles were then assessed in the subsequent 
stage, in which 46 articles were excluded due to irrelevant 

Table 2  PICOS criteria for inclusion eligibility

Parameter Inclusion criteria Data extraction

Population (P) Breast cancer cases. Location, sample size, source of sample, type of staining, type of scanner.

Intervention (I) Computational or machine learning approach 
for TILs assessment.

Approaches for computational or machine learning for TILs assessment.

Comparator (C) Manual ground truth dataset. Approaches for ground truth development.

Outcome (O) Performance of the model developed. Clinical outcome, correlation between automated approach and pathol-
ogist consensus on TILs assessment.

Study (S) Cross sectional diagnostic accuracy study. Study design.

Fig. 1  Flow chart for the article’s selection process
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data and different study populations. Finally, 27 articles 
were included in this systematic review following a dis-
cussion among the investigators, and full data extraction 
was performed for these articles.

Risk of bias
The quality assessment found that the overall risks of 
bias for the selected studies were low to moderate. These 
studies applied appropriate approaches to the research 
questions and the reported findings were consistent in 
their data sources, data collection, and analysis. The anal-
ysis risk of bias as shown in Fig. 2.

Study characteristics
The geographical distribution of studies on automated 
TIL scoring methods in breast cancer, as shown in Fig. 3, 
including eight countries: USA (n = 11, 41%), UK (n = 4, 
15%), Netherlands (n = 4, 15%), Lithuania (n = 3, 11%), 
China (n = 2, 7%), Republic of Korea (n = 1, 4%), Den-
mark (n = 1, 4%), and Pakistan (n = 1, 4%).The sample size 
of these studies was varied, ranging from 5 to 3760 sub-
jects. A total of 16 studies (59%) employed private data-
set that predominantly originated from the main author 
country. For studies that provide information about the 
type of scanner utilized to produce whole slide images 
(WSI), Aperio scanner become the most frequent scan-
ner used in the studies (n = 6, 22%) to produce WSIs. For 
staining, the specimen slides were predominantly stained 
with Haematoxylin and Eosin (H&E) stain (n = 16, 59%), 
while some studies opted for immunohistochemistry 
(IHC) stain (n = 8, 30%), transmembrane glycoproteins, 
particularly CD8 and CD3 antigens, became the most 

common marker used to highlight TILs in the IHC stain-
ing method. The summary of the study characteristics is 
shown in Tables 3 and 4.

Features detection approach
Multiple approaches like object detection, semantic seg-
mentation, patch classification, and a combination of 
these methods are used for TILs automated detection 
method and approach. A combination of semantic seg-
mentation and object detection was the most common 
automated task performed for the computational TILs 
scoring model development (n = 10, 37%), followed by 
patch classification (n = 4, 15%) and a combination of 
image segmentation & object detection (n = 3, 11%). List 
of these different approaches were summarized in Fig. 4.

Machine learning (ML) approach
From the analysis, most of the studies (n = 22, 82%) 
implementing ML approach for their TILs assessment 
model development. Of these, four studies utilized mul-
tiple ML approach for their model development [28–31]. 
There were 6 different type of ML approaches used, and 
the convolutional neural network (CNN) was found 
to be the most common DL approach applied (n = 11, 
41%), followed by the fully convolutional neural network 
(FCNN) (Fig. 3). CNNs are commonly used for tasks like 
image classification, object detection, and feature extrac-
tion. While fully convolutional neural network (FCN) is a 
type of convolutional neural network (CNN) commonly 
used in spatial tasks such as sematic segmentation, object 
detection, and image reconstruction.

Fig. 2  Risk of bias evaluation according to QUADAS-2 tool. Template adapted from the https://​www.​brist​ol.​ac.​uk/​popul​ation-​healt​hscie​nces/​proje​
cts/​quadas/​resou​rces

https://www.bristol.ac.uk/population-healthsciences/projects/quadas/resources
https://www.bristol.ac.uk/population-healthsciences/projects/quadas/resources
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Table 3  Summary of selected studies synthesized in the systematic review pertaining to the sample population, approaches and 
prognostic value selected studies synthesized in the systematic  

No First author/ Year/
Reference

Country Sample size Type of sample Source of sample Staining type Type of scanner

1 Heindl et al. (2018) 
[32]

UK 963 ER + breast cancer. Private dataset (UK) H&E N/A

2 Swiderska-Chadaj 
et al. (2018) [28]

Netherlands 58 Breast, colon, 
prostate

Multiple private data-
set (Netherlands)

IHC (CD3 & CD8) Pannoramic 250 Flash II 
at 40× magnification

3 Amgad et al. (2019) 
[33]

USA 151 TNBC TCGA dataset. H&E N/A

4 Mclntire et al. (2019) 
[34]

USA 66 TNBC Private dataset (New 
York, USA)

IHC (CD8) Aperio AT2 scanner  
at 20× magnification

5 Amgad et al. (2019) 
[35]

USA 120 Breast cancer Private dataset (USA) H&E Aperio scanner at 20× 
magnification

6 Swiderska-Chadaj 
et al. (2019) [29]

Netherlands 83 Breast, prostate 
and colon cancer

Multiple private data-
set (Netherlands)

IHC (CD3 and CD8) Pannoramic 250 Flash II 
at 20× magnification

7 Le et al. (2020) [36] USA 976 Breast cancer SEER and TCGA 
dataset.

H&E N/A

8 Lu et al. (2020) [37] China 1000 Breast cancer TCGA dataset. H&E N/A

9 Mi et al. (2020) [38] USA 5 TNBC Private dataset (USA) IHC (CD3, CD4, CD8, 
CD20, and FOXP3)

Aperio Scanscope 
AT at 20× magnifica-
tion

10 Entenberg et al. 
(2020) [39]

USA 3760 Breast cancer Private dataset (USA) IHC (CD3) Pannoramic 250 Flash II 
at 40× magnification

11 Rasmusson et al. 
(2020) [40]

Lithuania 102 Breast cancer 
and colorectal cancer

Private dataset 
(Lithuania)

IHC (CD8) ScanScope XT Slide 
Scanner at 20× objec-
tive

12 Zilenaite et al. (2020) 
[41]

Lithuania 101 Breast cancer Private dataset 
(Lithuania)

IHC (CD8) ScanScope XT Slide 
Scanner at 20× objec-
tive

13 Budginaita et al. 
(2020) [42]

Lithuania 104 Breast and colorectal 
cancer

TCGA and private 
dataset (Lithuania)

H&E Aperio ScanScope XT 
Slide Scanner at 20× 
magnification

14 Sun et al. (2021) [43] China 265 TNBC TCGA and Private 
dataset (China)

H&E Aperio, ScanScope AT2 
at 40× magnification

15 Balkenhol et al. 
(2021) [44]

Netherlands 94 TNBC Multiple private data-
set (Netherlands)

H&E and IHC (FOXP3, 
CD8, CD3)

Pannoramic 250 Flash 
II and Vectra spectral 
imaging system

16 Thagaard et al. (2021) 
[45]

Denmark 204 TNBC Private (Denmark) & 
TCGA dataset

H&E & IHC (CD3 
and CD79a)

N/A

17 Krijgsman et al. 
(2021) [46]

Netherlands 200 ER + breast cancer. Private dataset (Neth-
erlands)

H&E and IHC (CD8) N/A

18 Zormpas-Petridis 
et al. (2021) [47]

UK 223 TNBC, melanoma 
and neuroblastoma

TCGA and private 
dataset (Serbia)

H&E Aperio
ImageScope 
and Hamamatsu Nano 
Zoomer

19 Zafar et al. (2022) [48] Pakistan 43 Breast, prostate, 
and colon

Public dataset IHC (CD3 and CD8) N/A

20 Danielle et al. (2022) 
[49]

USA 2072 Breast cancer Private (USA) & TCGA 
dataset

H&E N/A

21 Albusayli et al. (2023) 
[31]

UK 429 TNBC TCGA and private 
dataset (Australia)

H&E Hamamatsu Nano 
Zoomer scanner at 40× 
magnification

22 Yosofvand et al. 
(2023) [30]

USA 63 Breast cancer Private dataset (USA) H&E N/A

23 Rong et al. (2023) [50] USA 1061 Breast and lung 
cancer

Public dataset 
(NuCLS portal)

H&E N/A

24 Choi et al. (2023) [51] Korea 402 Breast cancer Private dataset 
from 2 institution 
(USA and Korea)

H&E Pannoramic 1000, 
3DHISTECH at 40× 
magnification
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Ground Truth and validation
For the development of ground truth dataset, differ-
ent approaches for TILs assessment have different 
ground truth requirements. Ground truth dataset is 
essential for automated model training and valida-
tion particularly for tasks like image segmentation. 
It consists of input data with manually annotated 
images by the pathologists that serve as the reference 
standard for evaluating the performance of the auto-
mated model. This systematic review revealed that 
traced region boundaries was the most used approach 
among the studies for the ground truth dataset devel-
opment (n = 15, 56%), followed by labelled patches 
(i.e. labelling the images as with Yes/No TILs) (n = 4, 
15%). Moreover, 70% of the model developed in these 
studies were aligned with the visual TILs assessment 
guidelines established by the TIL-WG (Table  4). The 
correlation between pathologist consensus and the 
automated TILs assessment model was found in 12 
studies (58%), where majority of them (n = 8) demon-
strated a moderate to strong correlation (R-value 0.6–
0.98), one study demonstrated moderate agreement 
(κ = 0.57) and another study demonstrated fair to mod-
erate agreement (ICC value 0.40–0.70).

Prognostic predictive value of TILs
The prognostic value of TILs was assessed in 16 (59%) 
eligible studies for inclusion in the analysis as illus-
trated in Tables 3 and 4. From the 16 studies, 10 stud-
ies (63%) analysed prognostic value of sTILs, 5 studies 
(31%) analysed prognostic value of both sTILs and 
iTILs and only one study (6%) analysed prognostic 
value of only iTILs with different variable as shown in 
Tables  3 and  4. The strengths and limitations of each 
study included in this review as shown in Fig. 5.

Discussion
Sample population
The choice of the sample population is a key factor in the 
development of automated models. Opting for a repre-
sentative and diverse sample population is essential for 
developing an accurate, effective, and robust automated 
model for TILs assessment. A large and diverse training 
dataset could provide a more accurate and robust model. 
The largest sample size observed in this review was from 
a private source, comprising 3760 breast cancer samples 
[39]. Although the use of private datasets requires care-
ful handling to ensure privacy, 56% of the studies in this 
review employed private datasets either from their own 
institutions or external sources for model training and 
validation. Public datasets from the cancer genome atlas 
program (TCGA), the Surveillance, Epidemiology, and 
End Results (SEER), and nucleus classification, locali-
zation, and segmentation (NuCLS) were used in most 
studies included in this review. Available public datasets 
may not always be representative of the target popula-
tion, prompting an increasing number of studies to opt 
for private datasets for automated model training and 
validation.

The type of stain and imaging modality also had a 
significant impact on automated model development. 
According to published guidelines, TILs assessment in 
invasive breast cancer requires a pathologist to select 
the tumor region and delineate stromal areas to assess 
the percentage of sTILs within the boundaries of the 
entire tumor [55]. H&E staining was used to stain his-
tology slides for TIL assessment because its practicality, 
widely available and provided a clear presentation of tis-
sue architecture [2, 4, 15, 56]. Due to TILs heterogeneity 
distribution, an in-situ approach, such as IHC staining, 
is another technique that can improve image analysis by 
identifying the spatial patterns of TILs distribution. It 

Table 3  (continued)

No First author/ Year/
Reference

Country Sample size Type of sample Source of sample Staining type Type of scanner

25 Makhlouf et al. (2023) 
[52]

UK 2231 Luminal breast 
cancer

Private dataset (UK) H&E Philips IntelliSite Ultra-
Fast Scanner and Pano-
ramic 250 Flash III 
at 40× magnification

26 Bhattarai et al. (2024) 
[53]

USA 76 TNBC Private dataset (USA) H&E Hamamatsu Nano-
Zoomer 2.0-HT C9600-
13 at 40× magnifica-
tion

27 Fisher et al. (2024) 
[54]

USA 164 TNBC Private dataset (USA 
and Ireland)

H&E Hamamatsu Nano-
Zoomer 2.0-HT C9600-
13 at 40× magnifica-
tion
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also allows for the discrimination between many relevant 
subtypes of TILs that have different roles in the TME 
[46]. Through the application of IHC staining, TILs will 
be specifically highlighted, which will help improve algo-
rithm specificity; thus, the misclassification of subpopu-
lations of TILs can also be reduced [57].

A previous study that utilized IHC as a staining method 
for assessing TIL in colon cancer found that the assay 
was reproducible, objective, and robust [58]. Further-
more, IHC assays have been validated for the assessment 
of TIL biomarkers such as CD3+, CD8+, and FOXP3+, 
and have been found to produce reliable results [57]. 
Another study found that CD4 + lymphocytes were the 
most common subtype in the tumor stroma and at tumor 
edges, whereas CD8 + lymphocytes were the most com-
mon in tumor nests and FOXP3 + lymphocytes were the 
least common in all compartments [1]. From this review, 
59% of the selected studies utilized H&E to stain their 
slides for, and the remaining studies utilized either IHC 
alone or a combination of both H&E and IHC. Notably, 
CD8 + was the most employed marker for highlighting 
TILs alongside CD3+, CD4+, CD20+, and FOXP3+. 
Because of its higher accuracy and reliability in identi-
fying spatial patterns of TILs distribution, an increasing 

number of studies have used IHC for slide staining for 
ground truth development to generate more objective 
ground truths for their automated models.

TILs assessment approaches
The findings from this study show that a range of 
approaches have been proposed for the segmentation 
and detection of tumor-infiltrating lymphocytes (TILs) 
in breast cancer, with most studies applying automatic 
scoring based on a deep-learning approach to develop 
a model for TILs assessment. Five of the selected stud-
ies applied only an algorithm-based approach for model 
development [34, 38–41], where the semantic segmen-
tation and object detection approaches were frequently 
used to develop their model. This technique has been 
demonstrated to improve the accuracy and efficiency of 
TILs segmentation [56]. CNN is the most common deep-
learning approach applied to develop an automated TILs 
assessment model. It is due to its unique capabilities in 
learning hierarchical features, preserving spatial context 
and archiving robust performance. TILs analysis requires 
the accurate identification and segmentation of intra-
tumoural stromal areas in patches or individual TILs. 
The findings of this study demonstrate the potential of 

Fig. 3  Geographical distribution of studies on automated TIL scoring methods in breast cancer based on published literature
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Fig. 5  Summary of strengths and limitations for automated TILs scoring methods on breast cancer from the published literature

Fig. 4  Summary of different approaches for automated model and ground truth dataset development from the published literature. Abbreviation: 
Convolutional neural network (CNN), Fully Convolutional Network (FCN), Region-based Convolutional Neural Network (R CNN), You Only Look Once 
(YOLO), Support Vector Machine (SVM), Log-Structured Merge-tree (LSM)
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machine learning and advanced algorithms for the pre-
cise segmentation and identification of TILs, which are 
crucial for cancer prognosis and treatment.

Apart from that, 74% of the studies did not adhere to 
the TIL-WG guidelines for visual assessment of TIL. 
The reason for this deviation was due to their failure to 
properly segment crucial confounding cells or regions 
(such as artifacts, central necrosis, regressive hyaliniza-
tion, DCIS, or fibrosis) within their model. Andreas et al. 
(2018) [32] revealed a weak correlation between auto-
mated and manual TILs assessments. This was because 
of the automated scores, which included regions of the 
tumor that were excluded from the pathological evalu-
ation. It is necessary to specifically segment regions for 
exclusion from the analysis when segmenting the regions 
in which TILs will be analysed. In addition, some of the 
developed models did not recognize stromal regions or 
identify individual TILs, and they were only focusing on 
hotspots for TILs assessment, as demonstrated in stud-
ies by Andreas et al. (2018) [32] and Amgad et al. (2019) 
[33]. To fully adhere to the TIL-WG guidelines, a high-
quality segmentation is required to specifically calculate 
TILs in the intratumoural stroma region and to exclude 
key cofounder regions from the analysis of the entire 
slide. This is important to ensure robust and reliable 
interpretation of TILs density. Thus, segmentation of 
the region of interest is important during model devel-
opment. These regions are major sources of variation in 
visual TILs assessments. Therefore, the development of 
computational algorithms that can perform high-quality 
segmentation tasks can increase reproducibility and con-
sistency in the TILs assessment for breast cancers [9, 14].

Validation and training of the model developed are 
very important. Two models are available to evaluate this 
type of model creation workflow. In the conventional 
open assessment approach, the algorithm can be tested 
on an independent held-out testing set after training it 
on a set of manually annotated datasets. Alternatively, a 
closed-loop approach may be used, in which pathologists 
can use the algorithm’s output to reconsider their initial 
judgments on the held-out set after being exposed to the 
results of the algorithm. Most studies that translate man-
ual guidelines for TILs quantification into an automated 
approach rely on traditional open-assessment frame-
works [57, 58]. Thus, the development of the ground-
truth dataset established by pathologist annotations of 
TILs scoring can be used to facilitate external validation 
of other algorithms to make the model more reliable and 
robust to a variety of biological, staining, and scanning 
settings. Recently, researchers have attempted to develop 
and provide a sTILdensity annotated dataset in H&E-
stained invasive breast cancer specimens for automated 
model validation that relies on guidelines established by 

the international TILs-WG. The validation dataset was 
established by pathologist annotations serving as a tool 
for evaluating the accuracy of algorithms to quantify the 
density of stroma TILs [34].

Validation and training of the developed automated 
model are important tasks to be performed by research-
ers. These include pre-analytical validation (Pre-AV), 
analytical validation (AV), clinical validation (CV), 
and clinical utility [13, 59, 60]. Pre-AV, which focuses 
on actions taken before the application of algorithms, 
includes processes such as specimen preparation, slide 
quality, WSI scanning requirements for magnifica-
tion and resolution, and the image format. AV refers to 
accuracy and reproducibility, CV for grouping patients 
into clinically significant subgroups, and clinical utility 
for total benefit in the clinical setting; while considering 
practices and methodologies [5]. According to the Col-
lege of American Pathologist (CAP) guidelines [61], it is 
necessary for researchers to perform in-house validation 
of the developed automated model, and Pre-AV and AV 
are the most suitable for in-house validation. followed by 
an external validation. In addition, AV depends on the 
availability of quality “ground truth” annotations; thus, 
the development of open-access and large-scale datasets 
is important to facilitate this matter.

Ground truth development
Pathology’s concept of “ground truth” can be vague and 
frequently subjective, particularly when dealing with 
H&E. The findings of this systematic review revealed that 
most developed automated models relied on the patholo-
gist’s manual annotation to train and validate their model 
where traced region boundaries are commonly used 
to develop their ground-truth dataset for automated 
model training and validation. The ground-truth data-
set is important as reference annotations for automated 
model training and validation. According to Amgad 
et  al. (2020), TIL scoring needs to capture the concepts 
of stromal and intratumoral TILs as well as confound-
ing morphologies specific to particular tumour locations, 
subtypes, and histologic patterns. Thus, the development 
of ground truth dataset is crucial to include iTILs during 
pathologist assessment of TILs. TILs-WG has suggested 
that the percentage of intratumoral stroma occupied by 
TILs should be calculated, and that the algorithm devel-
oped for automated TILs should follow published visual 
guidelines. However, the segmentation of intra-tumoral 
stroma requires exhaustive boundary annotations that 
are tedious and prone to high annotation errors [42, 62].

This systematic review showed six studies measured 
both stromal and intratumoral TILs [31, 41, 44, 52–54], 
only one study measured intratumoural TILs only [21], 
and the remaining studies measured only stromal TILs 
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in their assessment in accordance with the recommen-
dations from the TIL-WG [55]. Two of the studies that 
measured both iTILs and sTILs emphasized the sig-
nificance of examining spatial patterns of TILs that can 
indicate immune functional phenotypes and disease 
prognosis, in addition to TILs numbers [39, 42]. Another 
study also showed the importance of both sTILs and 
iTILs for pathologic complete response in advanced 
breast cancer, in which it was concluded that iTILs can be 
used to determine neoadjuvant chemotherapy (NACT) 
in patients with early-stage breast cancer [63]. Khoury 
et al. (2018) highlighted the difficulties in detecting and 
assessing iTILs due to their heterogeneity which may 
have influenced the superiority of sTILs and several spe-
cific circumstances, including when they are low in num-
bers or embedded in the tumor [64]. Therefore, further 
methodological research is required to characterize this 
variable with greater accuracy. Nevertheless, in the case 
of H&E-stained sections of invasive breast carcinoma, 
observing iTILs is more challenging owing to increased 
heterogeneity, making their identification more difficult 
without supplementary staining.

Reporting inter-observer agreement in the manual 
ground truth dataset development is essential to ensure 
the reliability and consistency of the TILs assessments. A 
recent study evaluated their model using multiple expert 
annotation and observed moderate interobserver agree-
ment [65]. This finding showed the difficulty of defining 
a clear and objective ground truth for model training and 
validation. Three studies reported an excellent agreement 
[38, 43, 45] in TILs assessment, one study reported mod-
erate to substantial agreement between pathologists from 
manual TILs assessment [49] and one study reported a 
strong correlation between pathologists from manual 
TILs assessment [39]. Interobserver agreement in the 
manual assessment of tumor-infiltrating lymphocytes 
(TILs) has consistently been emphasized in previous 
studies [66–68]. They describe that interobserver agree-
ment is important to show reliability of TILs assessment, 
standardization and enhances the clinical relevance of 
TILs as biomarker for treatment decision and patient 
outcomes in breast cancer.

The correlation between pathologist consensus and 
an automated model in the context of histological image 
analysis is an important aspect to consider. This analy-
sis offers valuable perspectives on the clinical relevance 
of the model and potential for assisting pathologists in 
their diagnostic tasks. Comparison of the automated 
immune scores with a pathologist’s score following rec-
ommendations for TIL evaluation in breast cancer in a 
subset of samples showed an overall strong correlation 
in most of the selected studies with only three stud-
ies showed moderate agreement between pathologist 

consensus and automated TILs assessment [29, 43, 52]. 
However, two studies showed weak correlation [32, 46]. 
Factors such as different scope of evaluation, discrep-
ancy in the regions evaluated, spatial heterogeneity of 
TILs infiltration, potential sampling bias, technical vari-
ability, and biological variability may have contributed to 
the weak correlation between the pathologist’s TIL score 
and the automated immune scores observed in their 
studies [32, 46].

Prognostic value of TILs
In the era of immunotherapy, the relevance of the TILs 
in predicting patient outcomes, as well as the prospec-
tive influence of chemotherapy and hormone treatment 
for breast cancer, has been proven [69–71]. As an exam-
ple, a pooled analysis of 3771 breast cancer patients 
treated with NACT showed that patients diagnosed 
with TNBC and HER-2 positive breast cancer reported 
longer disease-free survival with 10% increase in TILs 
[69]. Moreover, the cell abundance and spatial patterns of 
TILs can be indicative of immune functional phenotypes 
and disease prognosis, and therefore, should be identi-
fied for improvement of clinical management and health 
outcomes [69–71]. Research conducted by Bernardo 
et al. (2022) demonstrated a significant prognostic value 
of the spatial distributions of CD3 + and CD8 + TILs 
among early breast cancer patients. Therefore, automated 
TILs assessments should be able to provide information 
regarding the distribution of TILs in relation to stromal 
and tumour cells.

The prognostic values of TILs for breast cancer were 
assessed in 16 studies that were synthesized in this sys-
tematic review (Tables 3 and 4). The long-term progno-
sis indicators that were used in most studies were overall 
survival (OS). All studies have reported the presence of 
TILs as a favourable prognostic factor for treatment out-
comes in breast cancer except for one study by Makhlouf 
et  al. (2023) that revealed high sTILs and iTILs, cor-
responding to significantly shorter survival for luminal 
breast cancer [52]. A general observation of our data for 
the patterns of hazard ratio (HR) found that most stud-
ies reported HR values of less than 1, indicating a higher 
level of TILs was associated with a reduced risk of disease 
recurrence or death [35, 36, 40, 41, 43–46, 49]. Notably, 
only three studies [31, 32, 52] deviated from this trend 
with HR values more than 1 indicating that an elevated 
presence of TILs is associated with an increased risk 
of disease recurrence or death for patients with breast 
cancer.

The observed primary issue pertaining to the TILs 
scoring and its prognostic value was that no official clini-
cally relevant TILs cut-off points have been suggested. 
The cut-off points for TILs may differ depending on the 
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cancer type and clinical context, due to biological varia-
bility, clinical heterogeneity, outcome relevance and they 
can be established by conducting statistical analysis and 
validating them in separate cohorts. An ideal TILs cut-
off point is necessary for clinical decision-making or risk 
management. This systematic review found three studies 
that addressed the TILs’ cut-off points [43, 45, 51]. Thag-
aard et al. (2021) revealed that by using > 10% cutoff point 
for the manual sTIL assessment, helps stratify patients 
into distinct prognostic groups, while Sun et  al. (2021) 
using various cutoff points, to stratify patients into TILs-
High and TILs-Low groups and another study used a 
cut-off point of 10% for low TILs, 1–49% for intermediate 
TILs, and 50% or higher for high TILs [51]. These studies 
proved that the TILs cut-off values for patient stratifica-
tion varied between different ethnicities and thus, further 
research and testing on an independent cohort should be 
conducted to determine the ideal TILs cut-off points [43, 
45]. By categorizing patients based on this cut-off point, 
researchers can identify differences in outcomes and 
prognosis, allowing for a more personalized approach for 
treatment and management of breast cancer patients.

Strength and limitations
This systematic review provides a comprehensive compi-
lation of recent studies related to the types of approaches 
and performance of automated TILs scoring model 
implementing P.I.C.O.S criteria and adhering to the 
PRISMA guideline. This study also employed Rayyan AI 
to effectively manage and refine the process of screen-
ing and selecting of articles. Rayyan AI facilitates the 
process of identifying duplicates and applying inclusion 
and exclusion criteria, resulting in a precise and efficient 
review process. Previous studies have shown that Rayyan 
AI is effective in reducing the screening time while retain-
ing a high level of accuracy [72, 73]. The finding of this 
study provides insights toward the evaluation of meth-
odological quality, also helps to identify the strengths 
and limitations of different automated TILs assessment 
approaches which can guide future research directions. 
However, the potential limitation of this review could be 
in the heterogeneity of the study designs, sample charac-
teristics, and approaches for model development which 
caused challenges in the data pooling process, synthesiz-
ing the results and to determine firm conclusions.

Recommendation
Developing standardized guidelines for the assessment of 
algorithms including training, pre-AV, AV, and CV that 
closely capture visual guidelines and standards are fac-
tors that need to be considered during automated model 
development. Conducting further research to validate the 
use of computational TILs assessment in clinical practice, 

as well as developing tools and resources to facilitate the 
adoption of computational TILs assessment in clinical 
practice is very important to achieve the full potential of 
computational TILs assessment in improving patient out-
comes, precision medicine, and enhancing the quality of 
patients care. It also important to ensure standardization 
and consistency for regulatory approval and guidelines 
development. In addition, pathologist judgement is cru-
cial to make manual adjustment for the assessments that 
did not adequately represent certain tumour subtypes or 
variations, and for tumour that exhibit heterogeneity in 
TILs distribution. Thus, combining an automated model 
with a pathology specialist enables a more comprehen-
sive and accurate evaluation of TILs in breast cancer.

Conclusion
In conclusion, this analysis contends that automated 
scoring methodologies for TILs assessment in the con-
text of breast cancer show significant promise for com-
modification and application within clinical settings. 
Future direction of standardizing algorithms and validat-
ing clinical utility are important aspect to consider for 
integrating computational TILs assessment into routine 
clinical practice. Collaborative efforts between com-
puter scientist for the automated model development and 
pathologists offer promising avenue for comprehensive 
and accurate TILs assessment. Ultimately, breast cancer 
management will benefit from precision medicine and 
improved patient care.
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