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WHY IS THROMBOSIS IMPORTANT?

* Venous and arterial thrombosis are major causes

of morbidity and mortality Condition GlobalIncidence  Global Mortality
(per 100,000) (per 100,000)
* Includes DVT, PE, stroke, and myocardial infarction Ischemic Heart Disease g, , 105.5

(including heart attack)

Ischemic Stroke 114.3 42.3

Often preventable but frequently under-diagnosed

Atrial Fibrillation (major 77.5 (men)/59.5

. 1.7
. . . . L risk factor for stroke) (women)
» Early detection and risk stratification are critical
Venous
Thromboembolism (DVT + 115 -269 9.4-323

Pulmonary Embolism)



WHY IS THROMBOSIS IMPORTANT?

* One-quarter of all deaths worldwide are caused by

: : . thromboembolic conditions.
* Venous and arterial thrombosis are major causes

of morbidity and mortality « Public awareness is much higher for heart attack
(88%) and stroke (85%) compared to pulmonary

embolism (54%) and DVT (44%).

Includes DVT, PE, stroke, and myocardial infarction
* In high-income countries, incidence and mortality are

. declining, while in low- and middle-income countries
Often preventable but frequently under-diagnosed they are increasing.

. . . . . « The COVID-19 pandemic amplified the risk of both
Early detection and risk stratification are critical venous and arterial thrombosis due to vascular

inflammation and reduced access to care.



RENT CHALLENGES IN Thrombasis Management

Non-specific clinical symptoms

Delayed or missed diagnosis

Limited accuracy of traditional risk scores (e.g., Wells,
CHA,DS,-VASc)

Large volumes of complex patient data

Inter-individual variability in risk and treatment response




3 WHAT ARE ARTIFICIAL INTELLIGENCE AND
MACHINE LEARNING?

Algorithms that learn Multi-layer neural networks

Systems that mimic
for complex data

human intelligence patterns from data

Common algorithms:
» Logistic Regression
« Random Forest

« Gradient Boosting (XGBoost)
 Convolutional Neural Networks (CNNs)




Artificial Machine Deep
Intelligence Learning Learning

Learning based on
Deep Neural
Network

Engineering of Ability to learn
making Intelligent without being explicitly
Machines and Programs programmed

1950's 1960's 1970's 1980's 1990's 2000's 2006's 2010's 2012's 2017's



Logic

Smart robot Cognition and

Behavior

Intelligent application Learning

Robot application automation software

Artificial Intelligence

SVM

Planning

Knowledge representation

Reason

Probability

Machine leaming

Speech recognition Perc (‘pti()ll Decision tree Classification
Machine translation NLU Adaboost , -
. Supervisec
Text summarnzation i e P learning
, , Logistic Regression
Text classification ,
NP Random forests o
Text proofreading Boosting Prediction
Information extraction Bagging
_ NLG , ~ Recommendation
Speech synthesis Collaborative filtering . .y
K-MEANS/K-MEDOIDS == Clustering learning
Image classification Clara/Clarans
Object detection Computer vision Deep learning
Target tracking Reinforcement learning

Image segmentation Transfer leaming



Linear Approach vs. AlApproach

Definition:

A linear approach typically follows a
fixed sequence of steps. It is structured,
organized, and often deterministic.

Characteristics:

- Sequential and predictable.

- Well-defined steps.

-Less room for flexibility or creativity.

Definition:

An Al approach, particularly machine learning and
deep learning, involves training algorithms on large
datasets to learn patterns and make predictions or
decisions.

Characteristics:

-Data-Driven: Learns from data to improve
performance.

-Adaptive: Can adapt to new information and
patterns.

-Complex Problem-Solving: Can handle complex,
non-linear problems.

-Autonomous: Can make decisions without human
intervention.



Our blood has four main components:

 Thrombosis is « Al canidentify |

multifactorialand @& ‘ complex, non-linear
data-intensive - m relationships

. Ability to integrate » Enables early

clinical, Iaboratoh ‘ | prediction rather

imaging, and gen $ than reactive
data diagnosis




Electronic Health Records (EHRS)

Laboratory tests (D-dimer, PT, INR, CBC)

Medical imaging (CT pulmonary angiography, Doppler ultrasound)
Genomic and biomarker data

Wearable and monitoring devices




Goal: Improve accuracy and reduce diagnostic

Automated
detection of
pulmonary
embolism on CT
scans

ldentification of
DVT on
ultrasound

Flagging high-
risk patients
based on
clinical data




Al for Thrombosis Diagnosis

AT
b Clinical Imaging
ELSEVIER Volume 113, September 2024, 110245

Musculoskeletal and Emergency Imaging

Performance and clinical utility of an
artificial intelligence-enabled tool for
pulmonary embolism detection
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Predicting VTE risk Preoperative |dentifying

in hospitalized thrombotic risk patients who
patients assessment benefit most from
prophylaxis




oo A Risk Assessment Model for Predicting
Perioperative Venous Thromboembolism
in Patients Receiving Surgery under
Anesthesia Care
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« High thrombotic risk populations
« Al models incorporate:
o D-dimer, CRP, ferritin

o Mechanical ventilation
o Inflammatory markers
« Supports anticoagulation decision-making



Predicting thromboembolic complications in COVID-19 ICU patients using
machine learning
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 Individualized anticoagulant dosing
» Predicting treatment response
« Monitoring complications and outcomes
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ML models estimate risk of major bleeding
« Supports choice between DOACs and warfarin
« Improves safety of anticoagulation therapy
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« Each patient has a unique thrombotic profile
* Al integrates:
o Demographics

Comorbidities
Genetic predisposition
Prior thrombotic events



Benefits of Alin Thrombosis

. Care
- Earlierdiagnosis

- Improved risk stratification
* Reduced mortality and complications

+ Costreduction
- Clinical decision support, notreplacement of clinicians




Limitations and Challenges

- Data quality and missing data

» Algorithmic bias

- Lack of model transparency (“black box” issue)
- Generalizability across populations

 Need for clinician trust and adoption



Ethical and Legal Considerations

 Patientdata privacy
- Accountability for Al-driven decisions

 Regulatory approval and validation
- Alas a supportive tool, not a standalone decision-

maker



| FutureDirections

Real-time Al integration into EHR syste
Multicenter and international datasets
Combining Al with genomics and proteomics
Continuous learning models in clinical practice




Key Take-Home Messages

Thrombosis is complex and multifactorial
Al offers powerful tools for:
* Diagnosis
* Risk prediction
 Treatment optimization
Greatest value lies in early prediction and prevention




Conclusion

Al complements clinical expertise

Improves precision and efficiency of thrombosis
care

Collaboration between clinicians and data
scientists is essential

Al will play a central role in the future of
thrombosis management




