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Database category and name Website Date of last access

‘Mouse databases

Kidney Cell Explorer (8] https://cello.shinyapps.io/kidneycellexplorer/ 6th Feb. 2024
Mouse PEC Landscape (9] https://wenbinliu.shinyapps.io/mouse_PECs/ 6th Feb. 2024
Kidney Interactive Transcriptomics http://humphreyslab.com/SingleCell 6th Feb. 2024
1 million cell atlas of mouse DKD and its treatments [10] 6th Feb. 2024

Mouse IRI Kidney [11]

Human databases

KPMP Human Kidney Tissue Atlas [12] https://atlas kpmp.org/explorer/dataviz 6th Feb. 2024
Kidney Interactive Transcriptomics http://humphreyslab.com/SingleCell 6th Feb. 2024
Human DKD snRNA + scATAC-seq [13] 6th Feb. 2024

Human ADPKD snRNA + scATAC-seq [14]

Susztaklab Kidney Biobank [15] https://susztaklab.com/hk_genemap/snRNA 6th Feb. 2024

Human Protein Atlas [16] https://www.proteinatlas.org/ENSG00000128918- ALDH1A2/tissue/kidney# | 6th Feb. 2024





OPS/images/ebm-250-10647/crossmark.jpg
©

|





OPS/images/ebm-250-10647/ebm-250-10647-g001.jpg
A)

TAXONOMY

Domain:  Eukariota
Kingdom :  Animalia

Phylum:  Arthropoda

Class: linsecta
Order: Diptera
Family: Ceratopogonidae
Genus: Culicoides
Species: C. paraensis
1mm
B)
Sylvatic Cycle Urban Cycle

Bradypus tridactylus .
Callithrix ssp. ) Peri-Urban ~T A /\
Sapajus ssp. -

Other hematophagous Culicoides paraensis
mosquitoes (suggested) Culex quinquefasciatus
(suggested)
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Topic Category

Method
Category

Details

Advantage

Limitation

Reference

Machine Learning
methods for Adverse
Drug Event Detection

Public Sentiment and
Patient Feedback
Analysis

Drug Abuse

Drug-Drug Interactions

Supervised
Learning

Unsupervised
Learning

Semi-supervised
Learning

Quantitative
Analysis

Sentiment
Analysis

Large Language
Model based

Quantitative
Analysis

Quantitative
Analysis

Supervised
Learning

Network Analysis

BERT-based model to extract
adverse drug events from X posts

natural language processing
methods to detect adverse drug
events from clinical text

Pipeline to extract and normalize
adverse drug events

adverse drug event detection
across platforms

Co-clustering for adverse drug
event detection

Transformer-based adverse drug
event detection

CNN model for adverse drug
event detection

Word embeddings-based lexical
network for adverse drug events
detection

Direct patient feedback analysis
through quantitative methods

WC-CNN model for sentiment
analysis

Sentiment analysis of public
perception of specific drugs for
COVID-19 treatment

'VADER model for sentiment
analysis on cannabidiol use for
various conditions

GPT-3 for generating a lexicon for
drug abuse detection in social
media

Frequency analysis of opioid
misuse, abuse, addiction,
overdose, and death

Statistical analysis with data
quality metrics and topic
modeling for drug abuse content

NER for adverse drug event
identification; PRR for potential
adverse drug event detection; topic
modeling to identify themes

Quantitative analysis of annotated
posts for drug abuse

Frequency and rates for posts

related to Drug-Drug Interactions
are analyzed

Drug-Drug Interactions detection
in social media data

Co-occurrence network for users

based on potential Drug-Drug
Interactions

High accuracy on X posts

High accuracy in structured
clinical environments

Detect adverse drug events in X
posts

High detection accuracy

Detects adverse drug event signals
by clustering related data without
predefined labels

High sensitivity in capturing
emerging adverse drug events

Detects adverse drug events
without predefined labels

Severity scoring to assess different
adverse drug events

Provides insight into patient
perspectives

Detects safety signals by
examining user behavior over time

Captures public perceptions on
certain drugs

Provides insight into public
perception of cannabidiol use

Captures skang and misspellings
for drug abuse detection

Real-time tracking and insight
into opioid abuse trends

Structured framework for
analyzing drug abuse-related
content

Comprehensive analysis and real-
time monitoring using social
media data

Supervised classification model to
detect drug abuse signals in X
posts

Manually reviewed and evaluated
by two blinded investigators

Extracts related Drug-Drug
Interactions information from
social media platforms

Detects relationships and patterns
for emerging Drug-Drug
Interactions through network
analysis

Requires labeled data for
effective training

Limited generalizability to
non-clinical text and informal
language

Limited to X posts data

Limited generalizability to
diverse social media platforms

Validation limited to
COVID-19 related data

Limited to specific drugs and
topics in the training set

Limited in capturing complex
adverse drug events

Data quality, noise, and bias
exist in social media data

Limited by the accuracy of
self-reported data

Limited to the Levothyrox
case in France

Limited to specific drugs and
‘COVID-19 context

Manual labeling needed for
classifier training

Limited to 98 drugs with
limited evaluation

Limited to opioid-related data

Limited social media
platforms and limited
generalizability

Limited to methylphenidate-
related posts between
2007 and 2016 only

Requires manually annotated
6,400 X posts containing drug
abuse signals

Limited data and limited
manual validation

Requires an annotated Drug-
Drug Interactions corpus

Limited to Instagram
platform with privacy and
ethical concerns

(82]

(86]

[10]

2]

(87)

(49]

[22)

(54]

(57)

[59]

(39]

9

(88]

(36]

(89]

[90]

[91]

[92]

(93]

[94]
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Platform

General social media Platform X 2006 [1-38]
Facebook : 2004 | [1, 4, 19, 24-26, 28, 29, 38-47]
Instagram | 2010 (1, 4, 41, 48]
Reddit 2005 [4, 16, 17, 41, 49-55]
YouTube 2005 (1, 4, 41, 47, 56
Online Health Forums WebMD online health forum 1998 (40, 57, 58]
Health forum in French (https://wiw.doct N/A (59]
Health forum (Fealthunlocked.com) 2010 (60]
Q8cA platforms Quora 2009 | (1]
Ask a Patient 2000 (62, 63]
Others Amazon 1995 (64, 65]
Blogs and News A [1, 24, 29, 43, 66-68]

Online Surveys N/A

(69-76]
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n Category

Patient Experience and Perceptions

Adverse Drug Events

Reference

patient experience of adverse events for Discontinuing Statin Therapy [40]
Patient experience of adverse events for medication change 1571
Patient experience of fenbendazole safety and efficacy [42)
Negative opinions and personal experience with HPV vaccine (78]
Patient reported Symptoms [50]
Patient Experiences with Dabigatran [80]
consumer perceptions and attitudes on cannabis products {761

Adverse Drug Events in X posts

Adverse Drug Events in Forums

[2.3, 5, 10, 14, 22, 34, 81-83]

(59, 72, 84, 85






OPS/images/ebm-250-10444/math_qu3.gif
i fic N
Speci ficity = ————





OPS/images/ebm-250-10444/math_qu4.gif
Precision = ————





OPS/images/ebm-250-10444/math_qu5.gif
x rectsion X Jensitivey
Precision + Sensitivity






OPS/images/ebm-250-10647/ebm-250-10647-g002.jpg
Hypoactivity v N Meningoencephalitis
a5 Severe \
. ;o\ eadacre

:
bain {/{/C ypotension

Psychomotor

Agitation /

Macropapular
Rashes
1

Cyanosis in
the

Extremities
|
(arthralgia)

( Coagulopathies

Photophobia
>
Congestion &
d e

Possible STI (isolated
from human semen with
replicative capacities)






OPS/images/ebm-250-10647/ebm-250-10647-g003.jpg
OROV cases - 2024 OROV cases - 2025
1-52EW 1-22EW

[J1-10
[ ]11-100
B 101 - 1001
[l 1001 - 2500

.> 2500






OPS/images/ebm-250-10647/ebm-250-10647-g004.jpg
Average temperature
+





OPS/images/ebm-250-10537/ebm-250-10537-g006.gif
FEFEETE LS





OPS/images/ebm-250-10537/ebm-250-10537-g007.gif
A

1§ T (wasAil focl
L esors
oY

FH 1

Ho





OPS/images/ebm-250-10444/ebm-250-10444-g003.gif





OPS/images/ebm-250-10537/ebm-250-10537-g002.gif
(Cytoplasmic Function

i coming e
i

e oSt

s, 06 s
ey

Nucl

- Function:






OPS/images/ebm-250-10444/ebm-250-10444-g004.gif





OPS/images/ebm-250-10537/ebm-250-10537-g003.gif





OPS/images/ebm-250-10444/ebm-250-10444-g001.gif
A "2 A3,






OPS/images/ebm-250-10537/ebm-250-10537-g004.gif





OPS/images/ebm-250-10444/ebm-250-10444-g002.gif





OPS/images/ebm-250-10537/ebm-250-10537-g005.gif





OPS/images/ebm-250-10444/math_qu1.gif
Accuracy =

AN

ST TN T FP T EN





OPS/images/ebm-250-10746/ebm-250-10746-g002.jpg
Patient Blood

Conceptration &

Sepatgtion

Activated
Platelets

Release
Granules

Cellular Targets & Effects

Released Bioactive Factors
Growth Factors:

« TGF-B,PDGFVEGF
Anti-inflammatory:
=IL-10,IL-4,IL-1ra

*PGE2

ECM Components:
«Collagen Fibronectin
*Hyaluronic Acid

PRP Therapy: Cellular and Molecular Mechanisms

Endothelial
Cells

Immune System Modulation

T-cell Tolerogenic

P )
M2 Moch phades Regulation DCs

4 Actjvation L Pro-inflammatory

Anti-inflammatary T Tolerance

p-inflammatory Factors:
B,IL-6,TNF-a






OPS/images/ebm-250-10444/math_qu2.gif
Sensitivity = ————





OPS/images/ebm-250-10746/ebm-250-10746-g003.jpg


OPS/images/ebm-250-10444/ebm-250-10444-t001.jpg
Imaging Number of Images Performance metrics
modality
Control Melanoma Nevus ~Accur: itivity Specificity Precision  F1-
Score
Ganguly Custom Standard NA 110 60 092 0.90 095 097 093 NA
etal. [54] ‘model images
Hoffman ResNet50 UWF and NA 422 340 091 0.90 091 091 091 099
etal. [55] standard
images
Dadzie | DenseNet12l | UWF images 360 157 281 092 081 098 096 088 | 095
etal. [56]
Sabazade Custom UWF and NA 219 583 NA 1.00 0.74 NA 077 089
etal. [52] model standard
images
Jackson | RETFound | UWEimages = 1,192 18510 8,671 083 079 087 089 084 090
etal. [53]

UWF, Ultra-widefield: NA. not available.
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Challenge

Data Availability

Description

Uveal melanoma is rare, making it difficult to
acquire large datasets for training robust models

Implication

Limited dataset size restricts model accuracy,
leads to overfitting, and reduces model
generalizability

tential solutions

Data-sharing collaborations; multimodal
image training to optimize models using
available data; synthetic data generation

Dataset Diversity

Ground Truth
Labeling

Model
Interpretability

Clinical
Integration

Ethical
Considerations

Many datasets are from single institutions or
regions, limiting diversity in patient
demographics and imaging conditions

While standardized systems like MOLES and
histopathological analysis exist, their adoption
varies globally, posing challenges for consistent
ground truth labeling

Deep learning models often have opaque
decision-making processes, making it difficult to
understand exactly which features drive
predictions. While techniques like CAMs,
including Grad-CAM highlight regions used by
the model, they do not reveal the specific features
influencing the decision

Machine learning tools often function as stand-
alone systems, lacking integration with EHRs and
imaging platforms

Use of machine learning algorithms for life-
altering decisions like diagnosis and treatment
raises ethical concerns

Models trained on specific populations may not
perform well across different demographics,
leading to bias in predictions

Lack of standardization in labeling can affect
model accuracy and interpretability. Model
design may not align with the intended
clinical use

Lack of transparency limits clinician trust and
‘makes clinical integration difficult

Increase workload for healthcare providers, as
they may need to navigate multiple platforms to
incorporate machine learning insights with
traditional methods

High-stakes medical decisions by machine
learning must meet rigorous standards, as errors
can seriously impact patient health

Multicenter collaborations; access to data from
clinical trials; external validation to ensure
generalizability

Broader adoption of standardized systems and
expert consensus on defining ground truths
can improve consistency in labeling across
studies. Additionally, intraocular biopsy
results, when available, can provide more
definitive labels

Techniques such as CAMs and SHAP provide
visual and feature-level explanations. Further
improvement of these methods can enhance

‘model transparency, build clinician trust, and
support clinical integration

Development of interoperable systems that
integrate directly with EHRs and imaging
systems for seamless workflow

Rigorous validation of machine learning
outputs with clinical ground truths and use as a
decision support tool rather than for sole
decision-making

GAN, generative adversarial network; CAM, class activation mapping; Grad-CAM, Gradient-weighted Class Activation Mapping; SHAP, Shapely Additive exPlanations; EHR, electronic

Y K——"
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CMR tools Studying myocardi: RNA class Number of Main conclusion
characteristics patients
Postcontrast Diffuse fibrosis if Circulating miRs 63 (+4 controls) Individual miRs had moderate diagnostic value (AUC: | [84]
T1 mapping TI time <470 ms 0.663-0.742), but combination of 8 miRs greatly improved
diagnostic value (AUC 0.87) for the presence of diffuse
fibrosis; 11 miR levels inversely correlated with T1 time
LGE Focal fibrosis Myocardial miRs 21 (+4 controls) | MiR-642a-3p expression was positively correlated to the | [85]
quantification of LGE (r = 0.467)
LGE Focal fibrosis Circulating miRs 41 (+41 controls) MiR-29a is significantly associated with both (86]
hypertrophy and fibrosis (r = 0.691)
LGE Focal fibrosis Circulating miRs 24 (+11 controls) | Elevated miR-4454 levels were significantly correlated with | [87]
cardiac fibrosis (r = 0.560)
LGE Focal fibrosis Myocardial and 42 (+30 controls) | Circulating miR-221 is consistent with that in myocardial | [48]
circulating miRs tissue, and correlated with myocardial fibrosis and
hypertrophy (r = 0.630, AUC:0.764)
LGE Focal fibrosis Circulating miRs 69 LncRNA-MIAT might be associated with the development (8]

and IncRNAs

of fibrosis in HCM via negatively regulating the expression
of miR-29a (AUC:0.810)

CMR, cardiac magnetic resonance; RNA, Ribonucleic acid; LGE, late gadolinium enhancement; miR, microRNA; IncRNA, long-noncoding RNA.
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