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Abstract

Background: Lymphoma is a malignant tumor originating from the lymphoid hematopoietic system and is one of the most
common hematological tumors worldwide. According to epidemiological data, Hodgkin's lymphoma (HL) and non-Hodgkin's
lymphoma (NHL) are common malignant lymphatic diseases that threaten public health. GLOBOCAN 2020 statistics show that
the estimated number of HL cases and deaths worldwide is 83087 and 23376, respectively, while that of NHL is 54 352 and 25
993, respectively.
Histopathology, the examination of tissue specimens at the cellular level, is the gold standard for lymphoma diagnosis. The
conventional diagnostic process is that pathologists usually use hematoxylin-eosin (H&E) stained tissue to make a diagnosis, but
the diagnosis has the disadvantages of subjectivity and time-consuming. In diagnosing difficult cases, the general pathologist
may seek the help of a subspecialty lymphoma pathologist, and/or use ancillary tests such as immunohistochemistry (IHC).
Referral and ancillary testing are critical to the accuracy of the diagnostic process, but at the cost of making its diagnostic cycle
longer and more expensive. It is becoming increasingly common for pathologists to use computers to review whole slide images
(WSI) of analytical scans. These tools can often improve diagnostic accuracy, efficiency, objectivity, and consistency. These
tools can help alleviate the global pathologist workforce shortage, improve diagnostic throughput, and reduce the need for
referrals and ancillary testing

Objective: Artificial intelligence (AI) has great potential in the diagnosis, prognosis, or gene prediction of lymphoma. We aimed
to summarize the performance of AI models for diagnostic or prognostic purposes based on published studies on
histopathological images used in lymphoma.

Methods: This study followed the Systematic Review Reporting Program guidelines. A literature search of PubMed, Cochrane
Library, and Web of Science was conducted from inception until February 28, 2024. Included in the standard requirement will
artificial intelligence for the prognosis of human lymphoma tissue pathology images or diagnosis, gene mutation, etc. The risk of
bias was assessed using PROBAST. Information for each model was tabulated, and summary statistics were reported. The study
was registered with PROSPERO (CRD42024537394) and followed PRISMA 2020 reporting guidelines.

Results: The search identified 3414 records, of which 31 articles were eligible for inclusion. With a total of 42 models, these
studies included 16 diagnostic models, 8 prognostic models, 1 model to detect whether the gene was ectopic, and 17 other
diagnostic related models. Common tasks include identification task (6/42), classification task (31/42), segmentation tasks
(5/42). Models were developed using 10 to 84139 histopathology slides from 10 to 1005 lymphoma patients. In all studies have
found higher risk bias or not clear. In the high-risk model, high-risk scores appeared in the participant, outcome, and analysis
sections (3/31). Most of the low-risk domains appeared in the predictors (21/31) and outcomes (18/31) sections. Almost all
papers had an unclear risk of bias in at least one domain, the most common being the domains of participants (15/31) and
statistical analysis (29/31). In the overall practicality evaluation, most of the models were unclear (16/31), high-risk models
(12/31), and low-risk models (2/31). the most common reason is the analysis of the participant recruitment limited and no
interpretability of the results analysis.
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Conclusions: applying artificial intelligence to lymphoma tissue pathology diagnosis or prognosis of the purpose of image
limited study, found no one model can prove to be prepared for the implementation of the real world. Key aspects of accelerating
the clinical translation of AI include comprehensive reporting of data sources and modeling approaches, interpretability of AI
models, and improved quantitative assessments using cross validation and external validation. Clinical Trial: The study was
registered with PROSPERO (CRD42024537394)

(JMIR Preprints 03/06/2024:62851)
DOI: https://doi.org/10.2196/preprints.62851
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Abstract
Objective: Artificial  intelligence  (AI)  has  great  potential  in  the  diagnosis,
prognosis,  or  gene  prediction  of  lymphoma.  We  aimed  to  summarize  the
performance  of  AI  models  for  diagnostic  or  prognostic  purposes  based  on
published studies on histopathological images used in lymphoma.
Methods: This  study  followed  the  Systematic  Review  Reporting  Program
guidelines. A literature search of PubMed, Cochrane Library, and Web of Science
was conducted from inception until February 28, 2024. Included in the standard
requirement  will  artificial  intelligence  for  the  prognosis  of  human  lymphoma
tissue pathology images or diagnosis,  gene mutation, etc. The risk of bias was
assessed  using  PROBAST.  Information  for  each  model  was  tabulated,  and
summary  statistics  were  reported.  The  study  was  registered  with  PROSPERO
(CRD42024537394) and followed PRISMA 2020 reporting guidelines.
Results:  The search identified 3414 records, of which 31 articles were eligible
for  inclusion.  With  a  total  of  42  models,  these  studies  included 16 diagnostic
models,  8 prognostic models,  1 model to detect  whether the gene was ectopic,
and  17  other  diagnostic  related  models.  Common  tasks  include  identification
task (6/42), classification task (31/42), segmentation tasks (5/42). Models were
developed using 10 to 84139 histopathology slides from 10 to 1005 lymphoma
patients. In all studies have found higher risk bias or not clear.  In the high-risk
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model,  high-risk  scores  appeared  in  the  participant,  outcome,  and  analysis
sections (3/31). Most of the low-risk domains appeared in the predictors (21/31)
and outcomes (18/31) sections. Almost all papers had an unclear risk of bias in at
least  one domain,  the most  common being the domains of  participants (15/31)
and statistical analysis (29/31). In the overall practicality evaluation, most of the
models  were  unclear  (16/31),  high-risk  models  (12/31),  and  low-risk  models
(2/31).  the  most  common reason  is  the  analysis  of  the  participant  recruitment
limited and no interpretability of the results analysis.
Conclusion:  applying  artificial  intelligence  to  lymphoma  tissue  pathology
diagnosis  or  prognosis  of  the  purpose  of  image  limited  study,  found  no  one
model can prove to be prepared for the implementation of the real world. Key
aspects  of  accelerating  the  clinical  translation  of  AI  include  comprehensive
reporting  of  data  sources  and  modeling  approaches,  interpretability  of  AI
models,  and  improved  quantitative  assessments  using  cross  validation  and
external validation.
Keywords：lymphoma, Artificial intelligence, Bias

INTRODUCTION

Lymphoma is a malignant tumor originating from the lymphohematopoietic
system and is one of the most common hematological malignancies worldwide.
According  to  epidemiological  data,  Hodgkin's  lymphoma  (HL)  and  non-
Hodgkin's lymphoma (NHL) are common malignant lymphatic system diseases
that pose a threat to public health. The statistical data from GLOBOCAN 2020
show that the estimated number of new cases and deaths worldwide for HL are
83,087 and 23,376, respectively, while for NHL, they are 544,352 and 259,793,
respectively(1,  2) 。 In  China,  lymphoma  also  constitutes  a  significant  public
health  issue.  According  to  data  from  the  Global  Burden  of  Diseases(GBD),
Injuries, and Risk Factors for the year 2019, China accounts for approximately
10.8%  of  the  global  incidence  and  9.8%  of  the  mortality  cases  for  HL,  and
20.1% of the incidence and 17.4% of the mortality for NHL(3).

Histopathology, which is the examination of tissue specimens at the cellular
level,  is  the gold standard for  the diagnosis  of  lymphoma  (4).The conventional
diagnostic process involves pathologists using hematoxylin and eosin (H&E) stained
tissue for diagnosis. however, this method has drawbacks such as subjectivity and time
consumption.  In  cases  of  difficult  diagnosis,  general  pathologists  may  seek  the
assistance of specialized lymphoma pathologists and/or use auxiliary tests,  such as
immunohistochemistry (IHC). Referrals and auxiliary tests are crucial for the accuracy
of  the  diagnostic  process  but  at  the  cost  of  a  longer  diagnostic  cycle  and  higher
expenses(5).

Traditionally,  pathologists  analyze  pathological  tissue  sections  using  optical
microscopes. However, it is becoming increasingly common for pathologists to use
computers to review and analyze scanned whole slide images (WSI). Although the use
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of  digital  pathology  may  be  driven  by  efficiency  benefits,  it  indeed  creates
opportunities for pathologists to develop automated tools(6).These tools can typically
improve the accuracy, efficiency, objectivity, and consistency of diagnoses. They can
help alleviate the global shortage of pathologists, increase diagnostic throughput, and
reduce the need for referrals and auxiliary tests(7). This is an increasingly active field
of research, and for some malignant tumors, these systems are beginning to achieve
clinical utility (8).

In  this  study,  we  systematically  reviewed  all  literature  in  which  artificial
intelligence (AI) technology, including traditional machine learning (ML) and deep
learning  methods,  was  applied  to  digital  pathology  images  for  the  diagnosis,
prognosis, or other applications in lymphoma. This includes studies focusing on single
diagnostic  factors  such  as  histological  subtypes,  as  well  as  studies  performing
computer-assisted diagnostic tasks such as tumor segmentation. The review describes
the  state  of  the  field,  outlines  which  diagnostic  and  prognostic  tasks  have  been
addressed, and assesses factors related to the clinical utility of these methods, such as
the risk of bias. Although lymphoma is a particularly difficult disease to detect and
diagnose, and there is a shortage of available pathologists, AI models have not yet
been implemented in the clinical practice for this disease. This review aims to provide
insights and recommendations based on published literature to improve the clinical
utility  of  future  research,  including  reducing  the  risk  of  bias,  enhancing
reproducibility, and improving generalizability.

RESULTS 

As depicted in Figure 1, the literature search initially identified a total of 3414
records,  of  which  819  were  duplicates.  During  the  screening  of  titles  and
abstracts,  2519records  were  excluded,  including six  records  for  which the  full
articles  were  not  accessible.  The  remaining  31  studies  were  included  in  the
review.  All  accepted  studies  were  originally  identified  through  the  search  of
research  databases,  with  no records  from trial  registries  meeting  the  inclusion
criteria. Although the search retrieved literature dating back to 1949, all studies
that met the inclusion criteria were published since 2010, and over 80% of the
included  literature  has  been  published  since  2020.  The  characteristics  of  the
studies are presented in Table 1. The 31 accepted articles encompass 42 models
of interest, with detailed information provided in Table 2
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Fig.  1  PRISMA 2020  flowchart.  PRISMA 2020  flowchart  of  the  study  identification  and
selection  process  for  the  systematic  review.  Records  were  screened  on titles  and  abstracts
alone, and reports were assessed based on the full-text content. CENTRAL Central Register
of  Controlled  Trials.  WHO-ICTRP World  Health  Organisation  International  Clinical  Trial
Registry Platform.
Table 1. Characteristics of the 31 studies included in this systematic review.

PMID Publication Data source 
Models of

interest 

Subtypes
Outcome type Model task

31028058(9) Hanadi  El
Achi 2019

Micro  Brightfield
Bioscience (Williston,  VT
USA)

1

Burkitt  lymphoma, diffuse
large B-cell lymphoma, Burkitt
lymphoma,  small  lymphocytic
lymphoma

Diagnosis Identification

34067726(10)
Georg
Steinbuss
2021

Institute  of  Clinical
Pathology,  University  of
Heidelberg

1

nodal  small  lymphocytic
lymphoma/chronic lymphocytic
leukemia,  diffuse  large  B-cell
lymphoma.

Diagnosis classification

32472096(11)
Hiroaki
Miyoshi 2020

unclear 3
follicular  lymphoma ， diffuse
large B-cell lymphoma. Diagnosis classification

32377574(12)
Charlotte
Syrykh 2020

Toulouse  University
Cancer Institute and Dijon
University  Hospital,
France

1

follicular lymphoma

Diagnosis Identification

37611165(13)
Sergej
Sereda2023

unclear 1

pediatric  nodular  lymphocyte-
predominant  Hodgkin
lymphoma

Prognosis 
Identification,  semantic
segmentation
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JMIR Preprints Fu et al

32593219(14)
Jianfei  Zhang
2020

unclear 1

chronic  lymphocytic
leukemia ， mantle  cell
lymphoma ， follicular
lymphoma

Diagnosis classification

33244018(15)
Dongguang Li
2020

unclear 1
diffuse large B-cell lymphoma，

Diagnosis classification

33682770(16)
Xiaoli  Zhang
2021

unclear 3

chronic  lymphocytic
leukemia ， mantle  cell
lymphoma ， follicular
lymphoma

other classification

34771625(17)
Wei-Hsiang
Yu 2021

17 hospitals in Taiwan 3
monomorphic  epitheliotropic
intestinal T-cell lymphoma other

Classification,  cell  nuclei
segmentation

33835321(18)
Ziv
Frankenstein2
021

unclear 1

diffuse  large  B-cell
lymphoma ， follicular
lymphoma

other
cell  nuclei  segmentation,
gene signals detection

36691660(19)
Yusuke
Takagi 2023

unclear 1

diffuse  large  B-cell
lymphoma ， follicular
lymphoma

other classification

37167882(20)
Guanghui
Yang 2023

Chinese  WeChat  public
websites 1

diffuse  large  B-cell
lymphoma ， follicular
lymphoma

Diagnosis classification

37443652(21)
Mohammed
Hamdi 2023

unclear 2

chronic  lymphocytic
leukemia ， mantle  cell
lymphoma ， follicular
lymphoma

Diagnosis classification

32067039(22)
Jeffrey  S
Mohlman
2020

Department  of  Pathology,
Scientific  Computing  and
Imaging  Institute,
University  of  Utah,  Salt
Lake City.

1

Diffuse  large  B-cell
lymphoma，Burkitt lymphoma

other classification

36571610(23)

Yasemin
Yuyucu
Karabulut
2023

unclear 1

Mycosis Fungoides

Diagnosis 
Identification,
classification,  cell  nuclei
segmentation

30119858(24)

Marcelo
Zanchetta  do
Nascimento20
18

unclear 4

chronic  lymphocytic
leukemia ， mantle  cell
lymphoma ， follicular
lymphoma

Diagnosis classification

32854491(25)
Yosep  Chong
2020

Yeouido,  and  Seoul  St.
Mary’s  Hospital,  College
of Medicine, The Catholic
University of Korea

1

chronic  lymphocytic
leukemia ， mantle  cell
lymphoma ， follicular
lymphoma，Diffuse large B-cell
lymphoma

Diagnosis classification

31111048(26)
Honglin  Zhu
2019

unclear 1

chronic  lymphocytic
leukemia ， mantle  cell
lymphoma ， follicular
lymphoma

other classification

22962572(27)
Siddharth
Samsi 2012

unclear 1
follicular lymphoma

Diagnosis Identification

35147848(28)
Noriaki
Hashimoto
2022

unclear 1

Diffuse  large  B-cell
lymphoma ， Burkitt
lymphoma ， follicular
lymphoma

other classification

25570714(29)
Emmanouil
Michail 2014

unclear 1
follicular lymphoma

other
Identification,  semantic
segmentation

24376080(30)
Evgenios  N
Kornaropoulo
s 2014

The Ohio State University
with  Institutional  Review
Board (IRB)

2

follicular lymphoma
other classification

36150505(31)
Wen-Yu
Chuang 2022

he  archives  of
Departments of Pathology
of two medical  centers in
Taiwan

1

mantle cell lymphoma

prognosis semantic segmentation

34017010(32)
Damir  Vrabac
2021

Stanford Hospital 1
Diffuse large B-cell lymphoma

prognosis semantic segmentation

37549921(33)
Ila  Motmaen
2023

unclear 1
Hodgkin lymphoma

prognosis classification

36382626(34)
Antonio
Santisteban-
Espejo 2022

the Pathology Department
of  the  Puerta  del  Mar
University Hospital

1

Hodgkin lymphoma
prognosis classification

32979109(35)
Zaneta
Swiderska-
Chadaj 2021

11  hospitals  in  the
Netherlands 1

Diffuse large B-cell lymphoma
MYC translocation detection Identification

37566457(36)
Mizuki
Tagami 2023

unclear 3

Ocular  Adnexal  Mucosa-
associated  Lymphoid  Tissue
Lymphoma

other classification

34086849(37)
Lina
Irshaid 2022

unclear 1
chronic lymphocytic leukemia，
follicular lymphoma prognosis

cell  nuclei
segmentation，classification

34505705(38)
Siba  El
Hussein 2022

UTMDACC 1
chronic lymphocytic leukemia

prognosis
cell  nuclei
segmentation，classification

https://preprints.jmir.org/preprint/62851 [unpublished, non-peer-reviewed preprint]
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35626003(39)
Pingjun  Chen
2022

MDACC 1
chronic lymphocytic leukemia

prognosis
cell  nuclei
segmentation，classification

Table 2. Characteristics of the 42 models of interest from the 31 papers included
in this systematic review, grouped by model outcome. 

Outco

me

type PMID

intern

al

partic

ipants

internal

patholo

gy

image

stain

type

original

image size 

patch

size(pixels)

Magnifica

tion(s) 
Feature extraction Final model 

Final model

Prediction

precision

classes

Dia
gnos

is

310280

58(9)
128 2560 H&E WSI 40X40 40X learned CNN Patch unclear

340677

26(10)
629 84139 H&E WSI 395×395 40X Hand- crafted Efficient Net Patch Tumor, stroma 

324720

96(11)
388 unclear H&E WSI 64X64 5X Hand- crafted CNN Patch unclear

324720

96(11)
388 unclear H&E WSI 64X64 20X Hand- crafted CNN Patch unclear

324720

96(11)
388 unclear H&E WSI 64X64 40X Hand- crafted CNN Patch unclear

323775

74(12)
378 >378 H&E WSI 299×299 4X，20X Hand- crafted BNN Patch tumor-tumor

325932

19(14)
uncle
ar

374 H&E WSI 224×224 unclear learned ResNet-50 Patch 
cellular
morphology ， nucle
ar area

332440

18(15)
1005 3123 H&E WSI 945×945 40X learned

17CNN+transfor
m

Patch Cancer, non- cancer

371678

82(20)
uncle
ar

12015 H&E
microscopic
images

unclear unclear learned GAN
microscopic
images

cellular
morphology ， nucle
ar area

374436

52(21)
uncle
ar

15000 H&E WSI unclear unclear Hand- crafted

MobileNet-
VGG16 、 decisio
n-tree-based
machine learning

WSI Cancer, non- cancer

374436

52(21)
uncle
ar

15000
H&E

WSI unclear unclear Hand- crafted
MobileNet-
VGG16、XGBoo
st

WSI Cancer, non- cancer

365716

10(23)
11 60

H&E
microscopic
images

600X600 200X learned DL Patch
cellular
morphology ， nucle
ar area

301198

58(24)
347 15353

H&E
microscopic
images

unclear 1000X unclear
classification
using  the
polynomial 

unclear
cellular
morphology ， nucle
ar area

301198

58(24)
347 15353

H&E
microscopic
images

unclear 1000X unclear random forest unclear
cellular
morphology ， nucle
ar area

301198

58(24)
347 15353

H&E
microscopic
images

unclear 1000X unclear decision tree unclear
cellular
morphology ， nucle
ar area

301198

58(24)
347 15353

H&E
microscopic
images

unclear 1000X unclear SVM unclear
cellular
morphology ， nucle
ar area

328544

91(25)
602 >602 IHC WSI unclear unclear 　

decision-tree-
based  machine
learning

WSI tumor-tumor

229625

72(27)
uncle
ar

12 IHC WSI 512X512 40X Hand- crafted DL WSI
cellular
morphology

Prog
nosi

376111

65(13)
53 >53 IHC Patch 256×256 unclear Hand- crafted

YOLOv4-tiny
CNN 

Patch 
nuclear  area,
neighbor  distance,
proportion

361505 103 309 H&E WSI 132X132 40X Hand- crafted CNN Patch cellular
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s

05(31)
morphology ， nucle
ar area

340170

10(32)
209 H&E WSI 224X224 40X Hand- crafted Hover-Net Patch

cellular
morphology ， nucle
ar area

375499

21(33)
83 >83

Picrosir
ius Red

WSI 320X320 20X Hand- crafted YOLOv4 Patch
MMP9  positive  or
negative

363826

26(34)
16 80

H&E
&IHC

WSI unclear 40X Hand- crafted CNN WSI
cellular
morphology ， nucle
ar area

340868

49(37)
61 unclear H&E WSI 128X128 40X Hand- crafted CNN Patch

cellular
morphology

345057

05(38)
125 213 H&E WSI 256×256 20X Hand- crafted Hover-Net WSI

cellular
morphology ， nucle
ar area

356260

03(39)
135 213 H&E WSI 256×256 20X Hand- crafted Hover-Net WSI

cellular
morphology ， nucle
ar area

Gen
e
tran
sloc
atio
n
dete
ctio
n

329791

09(35)
287 354 H&E WSI unclear 20X learned U-Net WSI MYC+，MYC−

Oth
ers

336827

70(16)
uncle
ar

374
H&E

WSI unclear unclear Hand- crafted GA-BP Patch
cellular
morphology ， nucle
ar area

336827

70(16)
uncle
ar

374
H&E

WSI unclear unclear Hand- crafted BP Patch
cellular
morphology ， nucle
ar area

336827

70(16)
uncle
ar

374
H&E

WSI unclear unclear Hand- crafted ResNet-50 Patch
cellular
morphology ， nucle
ar area

347716

25(17)
40 40

H&E
WSI 115x115 40X Hand- crafted

decision-tree-
based  machine
learning

Patch
cellular
morphology ， nucle
ar area

347716

25(17)
40 40

H&E
WSI 115x115 40X Hand- crafted

decision-tree-
based  machine
learning

Patch
cellular
morphology ， nucle
ar area

347716

25(17)
40 40

H&E
WSI 115x115 40X Hand- crafted CNN Patch

cellular
morphology ， nucle
ar area

338353

21(18)
10 >10

H&E
&IHC 

WSI unclear 20X Hand- crafted
SHIMARIS
PAFQ

WSI
cellular
morphology ， nucle
ar area

366916

60(19)
842 >842

H&E
WSI 224×224 40X learned CNN Patch

cellular
morphology

320670

39(22)
70 10818

H&E
WSI 224×224 200X learned CNN Patch

cellular
morphology ， nucle
ar area

311110

48(26)
uncle
ar

374
H&E

WSI 64X64 unclear learned VGG-16，LSTM Patch unclear

351478

48(28)
262 unclear

H&E
WSI 224X224 20X learned CNN Patch

cellular
morphology ， nucle
ar area

255707

14(29)
uncle
ar

300
H&E

microscopic
images

unclear 400X Hand- crafted SVM
microscopic
images

cellular
morphology ， nucle
ar area

243760

80(30)
17 500

H&E
WSI 71x71 unclear Hand- crafted

Classification
using  orthogonal
bases

WSI
cellular
morphology ， nucle
ar area

243760

80(30)
17 500

H&E
WSI 71x71 unclear Hand- crafted

Laplacian
Eigenmaps

WSI
cellular
morphology ， nucle
ar area

375664

57(36)
129 1290

H&E
WSI 2048X2048 4X Hand- crafted SVM Patch

cellular
morphology

375664

57(36)
129 1290

H&E
WSI 2048X2048 20X， Hand- crafted SVM Patch

cellular
morphology
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375664

57(36)
129 1290

H&E
WSI 2048X2048 40X Hand- crafted SVM Patch

cellular
morphology

Risk of bias assessment 

The  results  of  the  PROBAST assessment  are  presented  in  Table  3.  Although
some studies included multiple models of interest, each paper has identified one
model with a higher predictive value for bias risk analysis.  All models showed
either a high overall bias risk (3/31) or an unclear overall bias risk (28/31). None
of the models had a low overall bias risk (0/31). The high-risk models had high-
risk scores in the Participants, Outcomes, and Analysis sections (3/31). Most of
the low-risk scores were found in the Predictors (21/31) and Outcomes (18/31)
sections.  Almost all  papers had an unclear  risk of  bias in at  least  one domain,
with  the  most  common being  the  Participants  (15/31)  and  Statistical  Analysis
(29/31) domains. In the overall utility assessment, the majority were classified as
unclear  models  (16/31),  followed  by  high-risk  models  (12/31),  and  low-risk
models (2/31). A qualitative summary can be found in Figure 3.
Table3.PROBAST risk of bias assessment results for the 31 papers included in
this review.

PMID Participants Predictors Analysis Outcome Overall judgement 

31028058(9)
Unclear Low Unclear Unclear Unclear

34067726(10

) High Unclear Unclear Low Unclear

32472096(11)
High Low Unclear Low Unclear

32377574(12

) High Low Low Low High

37611165(13)
Low Low Unclear Low Unclear

32593219(14

) Unclear Low Unclear Unclear Unclear

33244018(15

) High Low Unclear Low Unclear
33682770(16

) Unclear Unclear Unclear Low Unclear

34771625(17

) Unclear Low Unclear Low Unclear

33835321(18

)

High Low Unclear Low Unclear
36691660(19

) Unclear Low Unclear Low Unclear

37167882(20

) Unclear Low Unclear Unclear Unclear

37443652(21

) Unclear Low Unclear Unclear Unclear
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32067039(22

) High Low Low Low High
36571610(23

) Unclear Low Unclear Low Unclear

30119858(24)
Unclear Unclear Unclear Unclear Unclear

32854491(25

)

Low Unclear High high High

31111048(26)
Unclear Low Unclear Unclear Unclear

22962572(27

) Unclear Unclear Unclear Unclear Unclear

35147848(28

) Unclear Low Unclear Unclear Unclear
25570714(29

) Unclear Unclear Unclear Unclear Unclear
24376080(30

) Low Low Unclear Low Unclear

36150505(31

) Unclear Low Unclear Unclear Unclear

34017010(32

) Low Low Unclear Low Unclear
37549921(33

) High Unclear Unclear Low Unclear

36382626(34

) Unclear Low Unclear Unclear Unclear

32979109(35

) Unclear Unclear Unclear High Unclear

37566457(36

)
High Unclear Unclear Low Unclear

34086849(37

) High Low Unclear Low Unclear

34505705(38

) High Low Unclear Low Unclear

35626003(39

) High Low Unclear Low Unclear

Data synthesis results

Data in included literature  

The  number  of  participants  in  the  internal  datasets  varied  by  an  order  of
magnitude,  with  each  study  including  10  to  1,005  lymphoma  patients.  Most
studies utilized data from NHL patients (28/31), with B-cell lymphoma being the
most prevalent (26/31), Among B-cell lymphomas, follicular lymphoma subtype
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and  diffuse  large  B-cell  lymphoma  subtype  accounted  for  relatively  high
proportion, which were 16/26 and 12/26, respectively.and fewer studies focused
on T-cell lymphoma (2/31). Studies involving HLwere less common (3/31). Only
one study explicitly included prospective data collection, and in this study, the
internal  training  set  consisted  of  209  patients  with  an  overall  low  risk  of
applicability, making it suitable for a subset of external validation.
As  depicted  in  Figure  2,  the  number  of  pathological  slides  used  typically  far
exceeds  the  number  of  patient  participants.  In  most  studies,  the  samples  for
model  development  were  Whole  Slide  Images  (WSIs)  containing  excised  or
biopsied  tissue  (26/31),  with  other  samples  using  single  Tissue  Microarray
(TMA) core images (3/31) or pre-trimmed digital pathology images (2/31). Most
studies  utilized  Hematoxylin  and  Eosin  (H&E)  stained  tissues  (25/31),  while
others  employed various  Immunohistochemical  (IHC)  staining methods (4/31),
and two papers used both H&E and IHC staining (2/31). One study employed a
multimodal  analysis  method  that  integrated  pathological  images  with  clinical
information [19].
The origin of the data was unclear  in most  studies (16/31).  Among the studies
with identifiable data sources, some used data from a single center (11/31), while
a smaller number of studies utilized data from multiple centers (4/31). Countries
from  which  the  data  originated  included  China,  Taiwan,  the  United  States,
France,  South  Korea,  Spain,  and  the  Netherlands.  The  United  States  was  the
most common country of origin for the data.
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Fig. 2 Number of patients and slides per model. Histograms showing the number of
lymphoma patients and histopathology slides used in model development. Many of
these values are uncertain due to incomplete reporting, as reflected in Table 2.

Methods in included literature 

Among the 31 papers reviewed, there were a total of 42 models of interest, with
each paper containing between 1 to 4 such models. These included 16 diagnostic
models,  8  prognostic  models, 1  to  detect  whether  the  gene  was  translocation
model  and  17  models  for  other  predictive  diagnostic-related  information.  The
tasks  of  these  models  encompassed  identification  tasks  (6/42),  classification
tasks (31/42), and segmentation tasks (5/42).
Various models were utilized in the included studies. In the final analysis of the
models,  the  most  common  types  were  Convolutional  Neural  Networks  (CNN)
(18/31),  Support  Vector  Machines (SVMs) (2/31),  and Random Forests  (2/31),
with  one  study  employing  an  Adversarial  Neural  Network  (1/31).  CNN
architectures  included  MobileNet-VGG16,  HoVer-Net,  U-Net,  and  ResNet-50.
New  CNNs  typically  employed  multiple  standardized  blocks  involving
convolutional,  normalization,  activation,  and/or  pooling  layers(16).One  study
utilized transfer learning (15),and integrated 17 deep learning models to establish
a  high-precision  deep  learning  platform,  enhancing  the  model's  generalization
capability  and  achieving  a  diagnostic  accuracy  rate  of  100%.  Another  study
generated  their  novel  architecture  using  a  topological  optimization  method  on
the  standard  VGG16(21). Some studies  combined  traditional  machine  learning
with deep learning,  using CNNs to extract  features followed by decision tree-
based methods for quantification and classification (17, 21). One study employed
a  CNN  based  on  Multiple  Instance  Learning  (MIL),  which  can  automatically
focus on image patches from the tumor region of interest  (28).
In  the  models  included  in  the  analysis,  most  studies  commonly  used  patches
(19/31),  with  some  models  operating  at  the  Whole  Slide  Image  (WSI)  level
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(8/31). Two different aggregation methods were used: pre-modeling aggregation
and post-modeling aggregation. The former required the generation of slide-level
features  before  modeling,  while  the  latter  involved  aggregating  patch-level
model outputs for slide-level predictions. For models using patch images as the
final  modeling  images,  it  was  necessary  to  segment  the  original  images  into
patches for individual processing before modeling, with patch sizes ranging from
40×40 to 2048×2048 pixels, with the most common sizes being 224×224 pixels
(4/31) and 256×256 pixels (3/31). A range of feature extraction techniques were
then  employed,  including  handcrafted/predefined  features  (19/31)  and  features
automatically learned by models (10/31). Handcrafted features included a wide
array  of  texture,  color,  cellular,  and  nuclear  morphological  features.  These
handcrafted features were typically used as inputs for classical machine learning
methods, such as SVM and Random Forest models. Learned features were often
extracted  using  CNNs,  which  were  also  commonly  used  for  classification.
Finally, patch-level model outputs were aggregated to generate predictive models
using methods such as  attention-based weighted  averaging,  concatenation,  and
more  complex  embedding  techniques  like  Fisher  Vector  encoding  or  k-means
clustering, by taking the maximum value(27, 32)。
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Fig. 3 PROBAST risk of bias results.

The machine learning models in the included studies commonly undertook tasks
including identification (6/42),  classification (31/42),  and segmentation  (5/42),
with some models encompassing identification, segmentation, and classification
tasks(17,  23,  29) One  study  also  employed  segmentation  tasks  to  detect  gene
signals  in  WSI  images  identified  by  FISH (18). Several  studies  also  used
segmentation  to  determine  the  relationship  between  various  features  of  tissue,
cell,  and  nuclear  count  and  spatial  patterns (13). In  the  papers  where  the
magnification could be determined, the most common modeling magnifications
were ×20 (6/31) and ×40 (12/31). A few studies used different magnifications to
select informative tissue areas and for modeling (11, 12, 36).
Very few models integrated histopathological data with other modalities (1/31).
Multimodal  approaches  included  the  pre-modeling  connection  of  separately
extracted  unimodal  features  and  the  merging  of  unimodal  predictions  from
different models(40), while transformer-based methods were also commonly used
for  encoding  the  relationships  between  modalities (41,  42). Attention-based
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methods have been applied to other malignancies for several years  (43), but have
only recently emerged in lymphoma research. In the included studies, one study
employed  a  variant  of  the  Transformer  architecture  to  encode  the  relationship
between medical images and clinical records, proposing a personalized attention
mechanism (PersAM) method for the classification of lymphoma subtypes(19).
Data synthesis results
In internal validation, less than half of the model outcomes were assessed using
cross-validation  (7/31),  and  external  validation  using  independent  lymphoma
data was rarely performed (7/31). The cross-validation methods included k-fold
(4/31) with 5-10 folds. Some papers described the selection of hyperparameters
using  the  training  set  but  only  evaluated  using  a  test  set  from the  same  data
source(17, 18, 29). The models for external validation were trained on WSIs)and
validated  on  WSIs  (6/7)  or  TMAs  (1/7)  from  independent  data  sources.  One
study's  model  was  externally  validated  using  data  from  normal  lymph  node
tissue(10). In one study, a model that  demonstrated perfect  validation accuracy
(AUC = 1.0)  with internal  validation failed  to  perform effectively  on external
cases,  with  an  AUC ranging  between  0.63  and  0.69.  This  may  be  due  to  the
sensitivity  of  machine  learning  techniques  to  preprocessing  steps,  as  neural
networks, adhering to statistical laws, require a representative sample to achieve
coherent inductive reasoning [12]. Another study employed polynomial, support
vector  machine,  random  forest,  and  decision  tree  classifiers  to  evaluate  the
performance of the proposed method(24).
Most  classification  models  were  assessed  using  accuracy,  balanced  accuracy,
and/or  the  area  under  the  receiver  operating  characteristic  curve  (AUC).  One
study reported only a p-value, demonstrating that WSIs can be incorporated into
the  histopathological  assessment  of  Hodgkin's  lymphoma  as  an  appropriate
method  for  quantifying  different  cellular  populations(34).Performance  of
survival models is typically reported using AUC, with other metrics including p-
values, accuracy, hazard ratios, and the C-index, which is similar to AUC.
The  demand  for  artificial  intelligence  methods  is  growing,  and  the  lack  of
interpretability is a barrier to their clinical use  (44, 45). The interpretability of AI
can help to enhance the trust of medical professionals in future AI systems. Upon
analyzing  the  included studies,  it  was  found that  the  majority  have  conducted
interpretability analysis of the models (18/31), with a smaller subset conducting
visual  interpretability  analysis  of  the  histopathological  images  that  influenced
the model's prognostic judgment (7/18). Several studies characterized the spatial
location and relationships of typical cells and their surrounding cells, nuclei, and
microenvironments  of  the  regions  of  interest(17,  28,  32,  38), demonstrating
interpretability.  One study presented graphical  features associated with clinical
prognostic information (33). A few studies employed traditional machine learning
modeling,  such  as  decision  trees (21,  25), which  are  inherently  more
understandable as they simulate human thought processes to make decisions.
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DISCUSSION 

In this review, which includes studies on artificial intelligence for the purpose of
lymphoma histopathology  diagnosis  or  prognosis,  in  general,  there  were  more
research models for B-cell lymphoma than for T-cell lymphoma, the overall risk
assessment is either high risk or unclear, with no studies classified as low risk.
Due to incomplete reporting, studies frequently present an unclear risk of bias in
the Participants  and Analysis  domains of  PROBAST.  Information that  is  often
missing includes the specific source of patients, the number of patients included,
the number of samples/images used, whether any patients/images were excluded,
and  the  methods  of  processing  and  digitizing  the  tissue.  Additionally,  most
studies reporting on data sources are single-center studies, with only one study
utilizing images from an accessible public dataset(20), which may be attributed
to  AI  researchers  not  spending  sufficient  time  to  understand  these  images,
whether  as  a  training  set  or  for  external  validation.  Overall,  only  four  papers
were found to have a low risk of bias regarding participants,  which included a
clear and reasonable patient recruitment strategy and selection criteria(13, 25, 30,
32). Information about predictors (histopathological images and their features) is
generally well described and interpreted, but there is still a lack of description or
execution  of  some  key  details,  such  as  whether  the  predictors  were  assessed
without knowledge of the outcomes, or it  is unclear whether all tissue samples
underwent similar  processing,  which could lead to a risk of  bias due to visual
heterogeneity. Furthermore, some researchers use a limited amount of data and
analyze  a  single  test  data  split  without  employing  any  methods  to  address
overfitting  and  model  optimism  (cross-validation,  external  validation).  These
limitations  are  common in  lymphoma AI  research,  leading  to  weak  validation
and a high risk of bias in the models.
Sharing  code  can  help  mitigate  the  impact  of  incomplete  reporting  and
significantly  improve  reproducibility,  but  out  of  31  papers,  only  five  shared
codes,  some  of  which  appeared  to  be  incomplete  or  inaccessible.  Better  code
repositories  include  detailed  documentation  to  aid  reproducibility,  including
information on environment setup, functionality overview, result production, and
the code itself(10, 12, 15, 21, 33)。
Some studies aim to provide interpretability for DL tools using current methods,
including post hoc approaches or supervised ML models to interpret the outputs
after  DL models  have made predictions(46, 47). In the field of  AI research for
lymphoma,  most  studies  currently  provide  personalized  interpretability  for
analysis,  including  visual  attention  heatmaps,  traditional  ML showcasing  the
spatial  location  of  feature  areas,  and  relationships.  However,  traditional  ML,
which is often developed in collaboration with domain experts,  can offer more
interpretability as it is based on handcrafted features. Nevertheless, handcrafting
features  is  a  challenging  and  non-trivial  task  due  to  the  significant  time
investment required by pathologists or oncologists in developing such methods.

https://preprints.jmir.org/preprint/62851 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Fu et al

In recent years, there has been a rise in hybrid approaches that integrate DL and
handcrafted  strategies,  which  may  involve  using  DL  algorithms  for  initial
detection  of  cells  or  elements,  followed  by  relying  on  easily  interpretable
traditional ML methods for predictions, thereby leveraging domain knowledge to
ensure the biological interpretability of the approach(48).

Development of the field

The field of AI in lymphoma histopathology diagnosis and prognosis is rapidly
evolving, with a significant increase in published research since the beginning of
2019.  Most  of  this  research  involves  the  use  of  deep  neural  networks  for
automatic  feature  extraction  and  classification,  while  a  minority  employs
traditional  machine  learning  models(17,  25,  29,  36) 。 Recent  studies  have
investigated a broader range of diagnostic outcomes, including the diagnosis of
lymphoma subtypes (12, 15) ， prognosis (31, 32) 、 and  the  detection  of  genetic
translocations (35)。

Despite the progress of AI in lymphoma research, there has been no clear trend
in the size of the datasets used over time, in terms of either the number of slides
or  the  number  of  participants.  Similarly,  there  is  no  evidence  to  suggest  that
more recent studies have included stricter internal validation, but the frequency
of  external  validation  has  been  increasing.  Before  2020,  none  of  the  studies
included any external validation on lymphoma data, but seven recently published
studies have(15, 20, 25, 32, 35, 38, 39). Although these external  validations are
often limited to a small amount of data, with only two of them featuring larger
datasets (15, 25), the inclusion of any external validation indicates progress over
previous research.  These validations are crucial  for  the clinical  utility of these
models, as real-world implementation requires robustness to visual heterogeneity
from different  sources,  which  can  vary  between  and  within  data  centers  over
time.  As the  field  continues  to  mature,  we anticipate  seeing more  studies  that
validate their models using larger,  high-quality independent datasets,  including
explicit reporting on patient recruitment and selection protocols, histopathology
slide  preparation,  and  digitization.  This  will  help  to  reduce  the  bias,  limited
reproducibility,  and  limited  generalizability  that  are  prevalent  in  most  current
research in the field.

Regarding multimodal research in oncology, there has been a rapid increase in
published  studies  since  the  beginning  of  2019,  with  only  one  study  on
multimodal  research  in  lymphoma  published  in  2023(19). The  assessment  of
tissue sections remains the gold standard for cancer diagnosis, and even trained
pathologists  may  require  assistance  from  certain  biomarker  tests.  Multimodal
research,  which  integrates  multi-dimensional  information  such  as  genomics,
proteomics,  transcriptomics,  and  clinical  information,  has  contributed  to  the
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direction of cancer research(49, 50). Multimodality can enable a fusion approach
of two modalities, where a pathologic image can be input and another modality
(sequencing,  other  formats of  images)  can be output(40).This  method does  not
simply summarize information from pathologic images but transforms it. Thus, a
well-trained  multimodal  model  can  be  applied  to  the  pathologic  images  of
patients  without  medical  conditions  to  obtain  indicators  related  to  precision
medicine,  such  as  genetic  sequences.  We  hope  that  with  the  development  of
high-throughput  technologies,  transcriptomics,  metabolomics,  proteomics,  and
other  technologies,  there  will  be  more  multimodal  analyses  that  integrate
multidimensional  omics  with  histopathological  images  in  the  future.  This  will
help to promote the application of artificial intelligence in clinical scenarios

Current limitations and future recommendations

A significant portion of published work does not provide sufficient clinical and
pathological information to assess the risk of bias. Consequently, AI researchers
must  thoroughly  report  the  provenance  of  data  to  understand  the  degree  of
heterogeneity  within  the  dataset  and  to  ascertain  whether  this  has  been
appropriately  considered  in  the  study  design.  The  modeling  and  analytical
methods  must  also  be  comprehensively  reported  to  enhance  reliability  and
reproducibility.
To further improve reproducibility, we recommend that researchers provide code
and data whenever possible. Digital pathology studies in lymphoma are currently
constrained by the lack  of  publicly  available  data.  Additionally,  datasets  often
lack  multicenter  contributions,  and the  heterogeneity  of  images  from different
scanners  at  various  centers  can  introduce  confounding  factors,  making  it
challenging for researchers to train robust models or assess generalizability. This
poses  risks  of  bias  and  confusion.  Therefore,  we  recommend  that  datasets
should,  as  much  as  possible,  include  multicenter  sources  to  enhance  the
generalizability  and  clinical  applicability  of  models.  During  the  image
preprocessing  phase,  efforts  should  be  made  to  eliminate  confounding  factors
caused by staining variations, bubbles, and other artifacts.
For AI to achieve clinical utility, more robust validation is essential, especially
considering  the  limitations  of  available  datasets.  We  suggest  that  researchers
consistently  conduct  thorough  analyses  using  cross-validation,  external
validation, and other techniques to ensure the robustness of the results and the
ability to generalize to new data. It is also crucial to report confidence intervals
for the results (typically 95% confidence intervals), particularly when comparing
multiple models. This helps to discern whether one model is genuinely superior
to another or if the differences are due to chance.
The lack of interpretability is a barrier to the clinical adoption of AI. Therefore,
we recommend that researchers strive to demonstrate the interpretability of their
models  to  enhance  the  understanding  and  trust  of  clinical  and  pathological
professionals
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METHODS

Literature search

A comprehensive search was conducted across three major  research databases:
PubMed,  Cochrane,  and  Web of  Science.  The  databases  were  limited  to  peer-
reviewed  journals  and  conference  proceedings  to  ensure  the  integrity  of  the
included studies. The search spanned from the inception of each database up to
February 28, 2024. The search strategy was composed of three distinct aspects:
artificial  intelligence,  lymphoma,  and  histopathology.  The  search  query  was
formulated as follows: (("deep learning" OR "Deep learning" OR "Whole slide
image" OR "artificial intelligence" OR "machine learning" OR "neural network"
OR "support  vector"  OR "digital  pathology")  AND ("lymphoid  neoplasm" OR
lymphoma OR lymphoproliferative")).  For each aspect,  multiple relevant terms
were  combined  using  the  OR  operator  (e.g.,  "artificial  intelligence"  OR
"machine learning"), and then these terms were merged using the AND operator
to  ensure  that  the  retrieved  studies  met  all  three  criteria.  Each  search  engine
utilized  the  broadest  possible  set  of  search  fields,  except  for  Cochrane,  which
imposed restrictions  to  avoid searching within the reference  lists  of  articles,  a
feature  not  available  in  other  search  engines.  The  terms  "ML"  (Machine
Learning) and "AI" (Artificial Intelligence) were limited to specific domains due
to  the  diversity  of  their  potential  meanings.  To  ensure  the  most  rigorous
literature search, no restrictions were placed on publication dates or article types
during the search process.
Many  artificial  intelligence  methods  are  based  on  statistical  models,  such  as
logistic  regression,  which  can  blur  the  lines  between  disciplines.  The  search
method  adopted  in  previous  reports  involved  searching  for  typical  artificial
intelligence methods by name (e.g., neural networks) and for other methods by
whether  the  authors  described their  work as  artificial  intelligence.  The  review
protocol  was  registered  on  PROSPERO (CRD42024537394)  before  the  search
results were screened for inclusion."

Literature selection

A researcher (Y.F.) manually removed duplicate papers with the assistance of the
reference  management  software  EndNote  20.  Subsequently,  another  researcher
(ZY.H.) independently screened the articles for inclusion in two stages: the first
based  on  titles  and  abstracts,  and  the  second  based  on  the  full  text.
Disagreements were discussed and arbitrated by a third researcher (Y.L.).
The inclusion criteria  required that  studies  evaluate  the  application of  at  least
one  AI  method  for  the  diagnosis,  prognostic  inference,  or  genetic  mutation
prediction  of  suspected  or  confirmed  lymphoma  cases  using  human
histopathology images. Studies were included only if the AI method was directly
applied to digital  pathology images or  if  features were automatically extracted
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from  the  images.  Basic  tasks  such  as  segmentation  and  cell  counting  were
included as these can be utilized by pathologists for computer-assisted diagnosis.
Conventional optical microscopy images, including whole slide images scanned
by  scanners  for  fluorescence  in  situ  hybridization  (FISH),  were  considered,
while  other  imaging  modalities  such  as  hyperspectral  imaging  were  excluded.
Publications  that  were  not  primary  research,  such  as  review  papers,  were
excluded. Non-English articles and studies without access to the full manuscript
were also excluded.
If the models in the included studies met the same inclusion criteria, they were
models of interest. If multiple model outcomes were evaluated within the same
study, one model of interest was selected for that study, regardless of whether the
modeling methods were similar  or  not.  The same model  outcomes at  different
levels  of  accuracy  (e.g.,  patch  level,  slide  level,  patient  level)  were  not
considered to be different models of interest. Models did not need to be entirely
independent; for example, the output of one model of interest could serve as the
input for another model of interest, provided that the model performance of each
model was assessed separately

Risk of bias assessment

The  risk  of  bias  in  the  models  of  interest  was  assessed  using  the  Prediction
model  Risk  of  Bias  Assessment  Tool  (PROBAST)(51),The  tool  evaluates  the
likelihood that reported results are distorted due to limitations in study design,
conduct, and analysis. PROBAST includes 20 guiding questions categorized into
four domains: Participants, Predictors, Outcomes, and Analysis. These questions
are  summarized  to  indicate  a  high  risk  or  low  risk  of  bias  or  are  marked  as
unclear  when  insufficient  information  is  available  for  a  comprehensive
assessment and no information is available to suggest a high risk of bias.  It  is
important to note that an unclear risk of bias does not imply a methodological
flaw but rather indicates incomplete reporting.
The Participants domain involves the recruitment and selection of participants to
ensure the consistency and representativeness of the study population targeting
the  intended  demographic.  Relevant  details  include  the  recruitment  strategy,
inclusion criteria, and the number of participants enrolled.
The Predictors  domain addresses the consistent  definition and measurement  of
predictive  variables,  which  in  this  context  often  refers  to  the  generation  of
digital  pathology images.  This encompasses methods for  the fixation,  staining,
scanning, and digital processing of tissues prior to modeling.
The  Outcomes  domain  involves  the  appropriate  definition  and  consistent
determination of ground truth labels. This includes the criteria used to ascertain
diagnoses/prognoses,  the  expertise  of  those  determining  these  labels,  and
whether the labels are independent of any model outputs.
The Analysis domain encompasses statistical considerations in the evaluation of
model performance to ensure valid and not overly optimistic results. It includes
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various factors such as the number of participants for each outcome in the test
set,  the validation methods used (cross-validation,  external  validation,  internal
validation, etc.), the metrics for assessing performance, and methods to address
the impact of censoring, confounding, and missing data.  Some of these factors
are interrelated; for example, the risk of bias due to a small dataset is somewhat
mitigated by cross-validation,  which increases the effective size of  the test  set
and  can  be  used  to  assess  variability,  reducing  the  optimism  of  the  results.
Additionally, the risk associated with using a small dataset depends on the type
of  outcome  being  predicted;  robust  analysis  for  a  five-class  classification
requires more data than a binary classification. There must also be sufficient data
across  all  relevant  patient  subgroups;  for  instance,  if  multiple  subtypes  of
lymphoma are included, it is not acceptable for one subtype to be represented by
only a few patients. Due to these interrelated factors, there are no rigid standards
for determining the appropriate size of a dataset.
Inconsistencies  in  methodology  often  lead  to  bias  risk.  For  example,
inconsistencies  in  H&E staining  from  different  research  centers  can  lead  to
heterogeneity in the visual characteristics of digital pathology slides, potentially
causing spurious correlations through random or systematic differences within or
between  subgroups  in  the  dataset.  Using  a  large  dataset  during  training  may
enhance the model's generalizability, but this must be tightly controlled to avoid
introducing  systematic  confounding.  Inconsistencies  in  the  determination  of
outcomes  may  mean that  the  results  of  a  study are  unreliable  due  to  spurious
correlations in the underlying factual labels or invalid due to misjudgment of the
labels.
While PROBAST provides a framework for assessing the risk of bias, there is a
degree of subjectivity in interpreting the signal questions. Therefore, each model
was  analyzed  by  two independent  researchers  (Y.F.,  ZY.H.),  with  at  least  one
computer  scientist  and one pathologist  involved in  the bias risk assessment  of
each model.

Data synthesis

Data extraction was independently conducted by two researchers (Y.F and MX.Z.),
utilizing a structured table that encompasses 67 fields, including categories such as
literature  titles,  data,  methods,  results,  and  more.  A summary  of  this  process  is
provided in Supplementary Table 1.
When translating the full text, references, and appropriate supplementary materials are
consulted to ensure the information is accurate. Inferences are only made when both
researchers are confident  that  the correct  information has been identified,  and any
discrepancies are resolved through discussion. Fields that could not be conclusively
determined are marked as unclear.
All extracted data are consolidated into two tables, one for study-level characteristics
and  the  other  for  model-level  features.  These  tables  include  only  the  models  of
interest. Model outcomes refer to the outputs of the models, which could be clinical

https://preprints.jmir.org/preprint/62851 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Fu et al

outcomes  (diagnosis/prognosis)  or  diagnostic-related  results  that  can  be  used  for
computer-assisted  diagnosis,  such  as  the  classification  of  subtypes.  Due  to  the
diversity in inclusion methods and model outcomes, a meta-analysis was not included
in  the  data  synthesis.  We  adhered  to  the  PRISMA 2020  guidelines  for  reporting
systematic reviews, with the checklist provided in the Supplementary Table.
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