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Learning 

OBJECTIVES

Understanding:

1)functional immune tests as biosensors

2)Assay development

3)Artificial intelligence in developing virtual cells 



Hypo-allergenic Infant formula approval in the 
United States

• Phase 1: Testing on 30-40 infants to assess safety: that it does not 
create allergic reactions: 1-2 years

• Phase 2: Testing in 200-300 babies to assess growth and development: 
2-3 years.



What can flow cytometry tell you 

about a cell?

▪Size (Surface area)

▪Granularity (Cell Internal Complexity)

▪Fluorescence (Relative intensity, 8 colors)

Laser

Side light scatter

Forward light scatter



Identifying 
immune 
disease in 
a patient 



What we look at on the cells

●Presences of lymphocyte populations and sub-
populations

●Cell Activation markers

●Level of maturation (naïve vs. memory cells)

●Functional characteristics (e.g. basophil activation test)



BAT is a functional assay

Cell

Input

Stimulus
Drugs
Allergens

Output

Monitor 
functional
response

Input/output assay always more valuable than static assays in most situations





CD63 up-regulation Histamine release

fmlp

-IgE
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Blood sample drawn from a patient 
Allergen added to sample and incubated 

for 30 minutes 

✓Quantifies basophil degranulation (CD63) and activation(CD203c) upon exposure to allergens. (JAllergy Clin Immunol 2025;155:275-85)

✓No infant exposure; non-invasive and safe for high-risk patients, no risk of severe reaction or anaphylaxis. 

✓High specificity while retaining sensitivity. (REF)

✓More precise than allergen-specific skin prick and oral food challenges, PPV of 91% and NPV of 94%. (Clin Exp Allergy. 2019 Mar;49(3):350-356.) 

✓Not affected by antihistamines or steroids, allowing broader patient use.

✓History of use for demonstration of hypoallergenicity in hydrolyzed formulas. (Front Allergy. 2023 Jul 21; 4:1207924.)
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Basophil Activation Test Methodology

The Basophil Activation Test (BAT) is a laboratory test using flow cytometry to detect the presence of certain markers on the
surface of basophils upon exposure to allergens. BAT is technically and clinically validated, in clinical use in the US, and 
extensively published for over 30 years. (Journal of Immunological Methods 2025; 537:113815)

Flow cytometry used to measure the degree of activation of 
basophils

Incubation 

37°C / 30 min
Red Cell Lysis & Wash Flow Cytometry
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Utility Subjects/Material Efficacy Sensitivity & Specificity

Testing Patients for 
Food Allergy

Detecting Allergy:

Sensitivity: 95%
Specificity: 94%

15-20% of the patients have non-
reactive basophils; all comers with food 
allergy

Testing Formula for Allergen 
Content

Detecting Allergen Content:

Sensitivity: 100%
Specificity: 100%

0% of patient have non-reactive 
basophils since highly allergic and 
highly basophil reactive patients’ cells 
can be used as a milk allergen detector.
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BAT: Testing Formula For Allergen Content With 100% 
Sensitivity & Specificity

DEMONSTRATION OF HYPOALLERGENICITY

80%

STRATIFIED
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• Many samples needed 

• Time consuming
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Learning Objectives

At the conclusion of this activity, participants will be able to:

1.  Explain how genetically engineered preclinical models of CTNS deficiency recapitulate early-onset 

phenotypes of the lysosomal storage disorder cystinosis and serve as translational platforms for therapeutic 

discovery and development.

2.  Describe how artificial intelligence–driven target discovery and cross-species validation pipelines accelerate 

the identification of disease pathways and the development of novel therapeutic strategies.

3. Evaluate the biological roles of nutrient-sensing and lysosomal signaling pathways in maintaining epithelial 

homeostasis, and their potential as therapeutic targets in cystinosis.



Cystinosis: from Cystine Storage to Lysosome Dysfunction to Disease

Cherqui & Courtoy. Nature Reviews Nephrology, 2017

Loss-of-function mutations in the CTNS gene/cystinosin:

• Defective export of cystine from lysosomes

• Cystine storage in cells, organs, and tissues across the body

• Morphological and functional abnormalities of lysosomes 

• Early dysfunction of PT segments and proximal tubulopathy (tubular proteinuria)

• Progressive multisystem complications (brain, eyes, liver, and muscle) later in life

Cysteine

• Dysfunction of PT cells

• Kidney disease developmentLysosome

v-ATPase

Cystine
storage

CTNS Appearance in the urine 

of LMW proteins and solutes

Brain

Thyroid

Eyes

Liver

Pancreas

Kidneys

Bones

Muscles

Gonads

Nucleus/Lysosomes

Healthy 

Cystinosis



Cysteamine helps to export cystine from lysosomes

Drawbacks of cysteamine:

• Frequent dosing schedules

• Side effects

• Poor tolerability

• No effect on PT dysfunction

Cysteamine Treatment Neither Prevents nor Reverse Proximal Tubulopathy

…Urgent need to develop safer, better tolerated, and effective treatments

Brodin-Sartorius et al. Kidney International, 2012



Leveraging Model Systems for Disease Biology & Therapeutic Discovery

Kimberli Scearce-Levie et al. Nature Reviews Drug Discovery, 2020

Translational Predictability: 

We need preclinical model systems that 

closely recapitulate cystinosis phenotypes



Enlarged lysosomes, defective endocytosis and proximal tubulopathy in CTNS-deficient mice

Time Course of Disease Phenotypes in the Ctns Knockout (KO) Mouse Model

a b

c d

Festa et al. Nature Communications, 2018



Physiologically Relevant Cell Systems to Study Disease Mechanisms

Primary PT cells adequately recapitulate physiological characteristics of their native tissue 

Berquez et al. JASN, 2021

a b



Developing Methods to Profile Lysosome Biology and Disease Pathways

Berquez et al. Nature Communications, 2023
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Festa et al. Nature Communications, 2018

Morphologically abnormal and defective lysosomes downstream of CTNS deficiency
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CTNS Zebrafish Line Expressing a LMW Proteinuria Biosensor

ctnsWT or ctnsKO

Festa et al. Nature Communications, 2018

Chen et al. Kidney International, 2020

a b

c



Targeting Actionable Pathways to Restore Homeostasis in Cystinosis

Enhancing autophagy, lysosome, or mitochondrial redox balance mitigates 

phenotypic changes in cystinosis cells

Keller et al. Kidney International, 2023



Leveraging Artificial Intelligence for Drug Target Discovery & Prioritization

Ren et al. Nature Biotechnology 2024



Berquez et al. Nature Communications, 2023

Actionable Targets Revealed from the AI-driven Drug Discovery Platform
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Berquez et al. Nature Communications, 2023

Cystine Storage Activates mTORC1 via Ragulator-Rags Scaffold Complex



Tissue samples for:

•mTOR activity

•Lysosome

•Endocytosis

•Differentiation

•Proliferation

•PT cell height
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Lysosomal mTORC1 Signaling as a Targetable Pathway in Cystinosis 

Berquez et al. Nature Communications, 2023



Modulation of lysosomal mTORC1 signalling as a new targetable pathway in cystinosis

a b

Lysosome Funcion Tubular Proteinuria

Berquez et al. Nature Communications, 2023

Rapamycin Improves Proximal Tubulopathy in a Zebrafish Model of Cystinosis



Therapeutic Inhibition of mTORC1 Pathway in Preclinical Models of Cystinosis

Berquez et al. Nature Communications, 2023

Rapamycin rescues lysosome, differentiation, and proximal tubulopathy downstream of cystine storage

Caution: Limited Translatability of Rapamycin to affected children due to its side effects



Concluding remarks:

• Role of CTNS-cystine-mTORC1 axis as a lysosomal signalling node in maintaining 

homeostasis in the kidney tubule epithelium 

• Model systems lacking CTNS, which recapitulate early onset of disease phenotypes 

associated with cystinosis, represent powerful tools for drug testing and therapy discovery

• Targeting nutrient sensing and mTORC1 signaling pathways (i.e., Rapamycin) prevents 

proximal tubulopathy in preclinical models of cystinosis

• Leveraging artificial intelligence engines and multiomics integration identify disease 

pathway paradigms, prioritize therapeutic targets and accelerate drug discovery

These findings open new avenues for therapies targeting mTORC1 signaling (pharmacologic 

and nutritional strategies) to restore cellular homeostasis in cystinosis
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Learning outcomes

• Recognize that clinical trials are more complex and 

expensive than ever

• Describe the application of artificial intelligence (AI) in 

clinical trials

• Discuss the benefits and challenges with the use of AI 

in clinical trials in lysosomal disorders



Rising Costs and Timelines

• > 400,000 studies registered on ClinicalTrials.gov as 

– representing a five-fold increase since 2005

• Industry invests approximately $200 billion annually in research and 
development, with 12% success rate and average costs reaching $2.6 

billion per approved drug

• Contemporary Phase III trials require an average investment of $19 

million and consume 6–7 years from initiation to completion

Olawade DB et al., Int J Med Inform 2026; 206:106141.

https://doi.org/10.1016/j.ijmedinf.2025.106141.

http://clinicaltrials.gov/


Why Clinical Trials Fail ?

• Poor Recruitment and Retention

– Overly strict eligibility criteria

~40% of trials amend protocols before 1st patient visit

~30% hit initial recruitment targets

– High participant burden (travel, time, procedures)

– Limited engagement of recruiters and trial teams

• Design/Methodological flaws

– Inadequate endpoints, underpowered, poor measures

Desai, M. (2020). Perspectives in Clinical Research, 11, 51 - 53.



Why Clinical Trials Fail ?

• Efficacy & Safety Challenges

~ 50% of phase 3 studies fail due to insufficient efficacy 

~ 20% fail due to safety concerns

• Financial Barriers

~ $40K–$80K+

~ 20–25% of studies fail due to lack of funding

Hwang TJ, et al. JAMA Intern. Med. 2016;176:1826–1833; Fogel DB, et al. 

Contemp Clin Trials Commun. 2018



Leading Causes of Failure in Rare Disease

0% 5% 10% 15% 20% 25% 30% 35%

Insufficient patient accrual

Safety/Efficacy

Company/business/funding issues

Conduct/regulatory problems

Rees C, et al. PLoS Medicine, 2019; Schoenen S, et al. Orphanet Journal of 

Rare Diseases, 2024



Integration of Artificial Intelligence

• Patient recruitment and screening

• Clinical trial design and feasibility

• Data capture, monitoring, and 

analysis

Aldoseri A, Al-Khalifa KN, & Hamouda AM (2023). Applied Sciences, 13(12), 7082.



AI-Driven Recruitment: 

Evidence from Cancer Clinical Trials

• > 50 000 patients 

•  AI tools analyzing EHR + text data

• Finding patients missed by human review

• High confidence in excluding patients 

• Significant time and cost reduction 

Chow R, et al. J Natl Cancer Inst. 2023 Apr 11;115(4):365-374



AI-Driven Recruitment: 

Evidence from a heart failure trial

• 4,476 patients

– AI EMR screening: 458 eligible patients from ~2,242 screened

– manual: 284 eligible from ~2,234 screened. 

• Enrolments: 35 in AI arm vs 19 in manual arm (P = .04)

Unlu O, et. A. JAMA. 2025 Mar 25;333(12):1084-1087.



Patient Recruitment and Trial Matching

• 52 patients with solid tumors

• > 60,000 interventional, cancer-
related clinical trials covering a 
wide range of malignancies 
mapped through the OncoTree 
ontology and the phenOncoX 
vocabulary

• In real-world validation, 92%  of 
oncology patients had at least 
one relevant trial retrieved 
within the top 20 
recommendations. 

Abdallah M, et al. (2025). TrialMatchAI: An end-to-end AI-powered clinical trial 

recommendation system to streamline patient-to-trial matching (Preprint). 
arXiv. https://arxiv.org/abs/2505.08508

https://arxiv.org/abs/2505.08508?utm_source=chatgpt.com


TrialGPT

• TrialGPT-Retrieval

• TrialGPT-Matching

• TrialGPT-Ranking

• TrialGPT-Retrieval can 
recall over 90% of 
relevant trials using less 
than 6% of the initial 
collection. 

• Accuracy of 87.3% 

• Reducing screening time 
by 42.6%

Jin  Q, et al. Nat Commun 15, 9074 (2024)



• Demographic data

• Disease prevalence

• Healthcare infrastructure

• Investigator experience

• Historical site performance

• Geographical Factors

Improve timeline 

forecasting and resource 

planning — 

reducing delays, 

inefficiencies, and cost 

overruns

S. Singh, A.I. Leveraging. World J Adv Res Rev., 26 (1) (2025). Kumar, M. et al. J. Clin. Trials, 11 (4) (2021), pp. 234-242

AI-Driven Site Selection



• Propose the development of 

application-specific language 

models (ASLMs) for clinical trial 

design across three phases

• Step 1 → Development by 

regulatory bodies

• Step 2 → Customization by Health 

Technology Assessment bodies

• Step 3 → Deployment to 

stakeholders

Liddicoat JE, et al. A policy framework for leveraging generative AI to address 

enduring challenges in clinical trials. npj Digit. Med. 8, 33 (2025).

AI-Driven Protocol Optimization



• 24 virtual pediatric subjects

• 49 time-point concentration 

profiles (from 0 h to 96 h) by 

randomly sampling each 

parameter based on its 

variability distribution

• Across 10 runs, the model 

consistently converged on 7 

optimal timepoints

Tsuchiwata S, Tsuji Y. CPT Pharmacometrics Syst Pharmacol. 2023;12:522–531.

AI-Driven Protocol Optomization



AI-Driven Virtual Screening and Remote 

Consent Processes

• Virtual screening 

– analyze medical images

– process patient-reported outcomes and digital health data 

• Intelligent chatbots and conversational AI systems for remote consent 
processes

– providing personalized information delivery 

– addressing participant questions in real-time 

– adapt communication style and content based on participant literacy 

levels, cultural backgrounds, and individual preferences

Tashman K, et al. Digit. Biomark. 2021;5(3):119–130; 72. Goodwin TR, et al. J. Biomed. Inform. 2023;143:104386. Patel N, et al. Clin. Trials J. 2019;16(5):467–475.; 

Mamae A, et al. PLoS One. 2025;20:e0329896; Luo Y, et al. J. Am. Med. Inform. Assoc. 2022;29(1):31–38; Alsumidaie M, et al. Clin. Trials Arena. 2021; 
Mishra V, et al. Digit. Biomark. 2021;5(3):119–130. 



Decentralized clinical trials

Jiang Y, et al. Understanding the gap between expectations and reality in 

decentralized clinical trials. npj Digit. Med. 8, 408 (2025).



• Continuous monitoring with deep learning 

analytics

• Enhance sensitivity for adverse event 

detection

– Traditional monitoring: 70–75 % sensitivity

– AI-powered systems: ≈ 90 % sensitivity, real-time 

alerts

• Enable continuous monitoring and earlier 

detection of clinical changes.

Sun, YM, et al. npj Digit. Med. 7, 218 (2024). Esteva A, et al. Nature Medicine. 

2021; 25(1):24–29. Rajpurkar P, et al. Nature Medicine. 2022; 28(1):31–38. 
Tashman K, et al. Digital Biomarkers. 2021; 5(3):119–130. Dorsey ER, et al. The 

Lancet. 2020; 395(10227):859–865.

AI-Driven Data capture and Monitoring

PD-related digital biomarkers



AI-Driven Risk-Based Monitoring and Quality 

Assurance

• Transforms trial oversight from reactive to proactive

– detect and prevent issues in real time, improving data integrity and 

efficiency

• Real-time insight

– Identify anomalies and protocol deviations within 24–48 h of data entry

• Predictive monitoring

–  Flag sites at risk for non-compliance and target interventions

• Efficiency

– Focus human review on high-risk areas → ↑ trial quality, ↓ monitoring 

costs by 30–40 %

Liu Y, et al. J Am Med Inform Assoc 29 (5) (2022) 901–910; Khosravi P, et al. Nat Commun 12 (2021) 5648; [93] Xu J, et al. J Clin Transl Sci 6 (1) (2022) e100; Li 

X, et al. J Biomed Inform 129 (2022) 104069; Vashisht R, et al. Drug Discov Today 27 (10) (2022) 103330.



AI-Driven Automated Data Cleaning and 

Standardization

• Automates data integrity checks

– reducing manual effort and errors

• Detects and corrects inconsistencies, missing values, and entry errors

• Accelerates workflows: 

– reduces cleaning time by 60–80 %

→ from 4–6 weeks of manual review to 24–48 hours of automated 

processing

• Enhances quality

–  ensures consistent, reliable data across study sites

[Rajasekaran M, et al. Journal of Clinical Trials. 2021; 11(4):234–242.

Lamberti MJ, et al. Clinical Trials. 2018; 15(3):232–242.
Müller M, et al. Computers in Biology and Medicine. 2020; 124:103926.

Ruchlin I, et al. Journal of Clinical Oncology. 2024; 42(16_suppl):1558.



Experience in 
lysosomal disease



AI-Driven Recruitment

One patient who obtained a high-risk score was referred for 

DBS assay and confirmed to have Fabry disease 



AI-Driven Recruitment

GED-C- Gaucher early diagnosis- consensus [see Mehta, et al. Intern Med J 2019, 49, (5), 578-591.]  LightGBM- light gradient-boosting machine, AUC- area under the curve c

Tenenbaum A, Revel-Vilk S, et al. J Clin Epidemiol  2024; 175: 111517



Abbasi MA, et al. Curr Probl Cardiol. 2025;50: 102877; Chen WW, et al. Int J Biomed Imaging. 2024;2024:6114826.

Germai

• AI electrocardiography for the 
evaluation of cardiac involvement in 
Fabry disease

• Selection of Fabry disease patients 
for clinical trials 



Wearable experience in Gaucher disease

• 21 patients (16 nGD, 5 GD1)

• Wearable accelerometer + Aparito mobile app

• Collected: step counts, events (e.g., bone pain, sleep), PROs (CHU9D, 

PedsQL Fatigue, Sleep & Stress Scales)

• Patients with GD1 showed ~2.5× higher daily step counts vs nGD

Donald A. et al., Orphanet J Rare Dis, 2019;14:212 



AI-Driven personalized treatment strategies



Background 

• >10% of patients show incomplete or diminishing response to current 
Gaucher disease therapies

• Circadian and biological rhythms regulate immune, endocrine, and 

metabolic pathways; their disruption may affect disease activity and 
treatment response

• Physiologic variability across genetic, autonomic, and metabolic 
systems is essential for health—its loss is linked to poorer outcomes 

and reduced treatment efficacy

• Applying AI-driven adaptive dosing can tailor treatment patterns and 
potentially improve l GD-related therapy effectiveness



Methods

• Design: 6-month, open-label, single-center, proof-of-concept study

• Participants: 5 adults with GD1 on stable ERT (30–60 U/kg/month)

• Platform: Altus Care  mobile app

• Randomized ERT dosage and administration intervals 

– Dosing interval: 10–18 days (vs. standard 14).

– Randomized infusion time: 7 a.m.–2 p.m.

Hurvitz, N., et al. J. Clin. Med. 2024, 13, 3325.



Results

• Completion: 5/5 patients completed 6 months; no adverse events

• Adherence: 100% engagement through the Altus Care  app

• Quality of Life (SF-36): ↑ in 1, stable in 3, slight ↓ in 1

• Hemoglobin: Stable in 4, ↑ in 1 (Δ +0.7 g/dL)

• Platelets: ↑ in 2, ↓ in 2, stable in 1.

• Lyso-Gb1: ↓ in 2 patients (mean –25 ng/mL)

Hurvitz, N., et al. J. Clin. Med. 2024, 13, 3325.



Summary



Benefits of AI Tools in Clinical Research

• Increased efficiency and cost savings

– Streamlines workflows, reduces human error, and accelerates patient 
recruitment.

• Improved accuracy and predictive power 

– Enhances diagnostic precision and early detection of disease patterns.

• User-friendly interfaces 

– Promote clinical adoption and improve patient satisfaction through intuitive 
design.

• Remote access and monitoring 
– Supports telemedicine and decentralized trial participation

Lu A, et al., Journal of the American Medical Informatics Association, Volume 31, Issue 11, November 2024, Pages 2749–2759,



Drawbacks of AI Tools in Clinical Research

• Unreliable under data constraints 

– Limited, heterogeneous datasets reduce robustness and reproducibility

• Limited generalizability 

– Models trained on specific datasets may not apply across populations or settings.

• Algorithmic complexity and “black box” issues 

–  Hinders transparency and clinician trust.

• Lack of external validation and standardized guidelines 

– Limits clinical translation and regulatory approval.

• Added implementation costs 

– Requires investment in infrastructure, data management, and personnel training.

Lu A, et al., Journal of the American Medical Informatics Association, Volume 31, Issue 11, November 2024, Pages 2749–2759,



Challenges in Lysosomal diseases

• Data limitations: Rare diseases like lysosomal disorders often have 
small patient populations, leading to data scarcity and limiting the 

training and generalizability of AI models

• Model generalizability: A model trained on data from one healthcare 
system may not perform well on data from another due to differences in 

patient populations and data collection methods, a problem known as 
"dataset shift"

• Complexity of models: Complex models, particularly deep learning, 

require large datasets to function effectively, which is often not feasible 
for rare diseases

Germain D P et al. Orphanet J Rare Dis 2025; 20:186.; Olawade D B et al. Int J 

Med Inform 2026; 206:106141.



Digital Twins for Predictive Modeling in Rare 

Disease Trials

Bordukova, M., et al. 2023;19(1), 33–42

• Digital twins are virtual models of 
individual patients that mirror their 
biological and clinical characteristics 
over time.
They allow us to simulate and 
predict how a patient—or even a 
population—might respond under 
different scenarios.

• Predict future states 
– interim trial assessment, treatment 

forecasting

• Predict intermediate states
– adverse or progression events

• Predict population effects
– trial design, inclusion criteria, 

subgroup simulation



Challenges in Lysosomal diseases

• Need for clinical acceptance and trust: Patients and clinicians may 
be hesitant to fully trust AI-based diagnoses or treatment 

recommendations, particularly when they conflict with a doctor's 

opinion.

• Regulatory and ethical hurdles: Developing and implementing AI in 
clinical trials requires robust governance structures and clear policies 

to ensure accountability and mitigate risks

Germain D P et al. Orphanet J Rare Dis 2025; 20:186.; Olawade D B et al. Int J 

Med Inform 2026; 206:106141.



Supportive care working group

Thanks for your attention !

Srevelvilk@gmail.com

SZMC Gaucher Unit

New subgroup working on Digital Health

Please contact me if interested in joining



Program Evaluation and CE Credit

• We need your assistance. Your opinion is important.

• Please go to the link below and help us evaluate the program. You can 

• also claim continuing education credit at this link.

• ldrtc.cds.affinityced.com

Last slide of your presentation



Evaluating osteonecrosis using AI-based 

technology.

1

Boliang Yu, Tristan Whitmarsh, Philipp Riede, Scott McDonald, Joshua 

Kaggie, Timothy M. Cox, Kenneth Poole, Patrick Deegan

and the MRC Gaucherite consortium

B. Yu, T. Whitmarsh, P. Riede, et al., Deep learning-based quantification of osteonecrosis 

using magnetic resonance images in Gaucher disease, Bone (2023), https://doi.org/10.1016/j.bone.2024.117142
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Osteonecrosis 

• Osteonecrosis is the death of bone tissue. About 43% of adult Gaucher 

disease patients have a history of ON in the UK. [Deegan, Medicine, 

2011]

• Osteonecrosis is the most important contributor to loss of quality of life.

• Estimation of prevalence of osteonecrosis is complicated by 
terminology and definition. 

• Here we focus on a radiological definition based on Magnetic 

Resonance Imaging of the vertebral column and femora.

• It is important to measure osteonecrosis to establish baseline bone 

disease severity and to optimize treatment.

• Such work may contribute to the debate about standardisation of 

terminology and measurement.

3



Magnetic Resonance Imaging of Gaucher Bone

• MR Imaging modality

• T1w-most sensitive for bone marrow infiltration

• Water is dark, fat is bright on T1 

• T2w, short tau inversion recovery (STIR)

•  Osteonecrosis has characteristic features on 

MRI that evolve over time

• A region of low signal on T1 with a “geographic” 

outline

• Often a double-line on T2

• Areas of low signal on T1 and T2 indicate late 

sclerosis

4



Objectives

• Segmentation of marrow space within spine and femoral T1W images

• Segmentation of osteonecrosis within the marrow space and by 

subtraction the bone marrow unaffected by osteonecrosis (UBM).

• 3D volumetric recreation from individual image slices

• Volumetric quantification of osteonecrosis 

• Correlation with clinical risk factors for osteonecrosis

5



Segmentation of osteonecrosis and UBM

• Gaucherite study image database

• 250 patients from 8 UK centres gave consent to Gaucherite study

• Datasets split

6

Patients T1w images Manual Seg

Total 217 917 344

Spine 212 520 176

Femur 145 397 168

Total Train Validation Test

Spine 176 111 32 33

Femur 168 121 25 22



Manual segmentation

• Carried out on 344 MR studies, each with multiple slices

• 18 months work for an experienced image analyst

• Based on rules agreed with radiologists and clinicians, in turn based on 

recognized MR appearances of osteonecrosis.

• Focus on defining the border between affected and unaffected marrow

• Iterative process based on any emergent questions / concerns

• Agreed to limit analysis of full width of sacrum

• Set minimum volume of region of osteonecrosis

• Weighting given to confluency and to appearance of adjacent slices

• Heterogenous Marrow

7



Training of Automatic Segmentation

• U-Net model with EfficientNet encoder 

8



9

Original slice Ground truth
(Manual Segmentation)

Automatic segmentation

GAU007_201708

15132011_3

GAU250_201602

25182335_10

Segmentation of spine in test datasets 
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Original slice Ground truth
(Manual Segmentation)

Automatic segmentation

GAU050_201903

12113219_7

GAU193_201303

25160241_301

Segmentation of femur in test datasets 
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Segmentation of spine images

Original slice 3D rendering
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Segmentation of femur images

Original slice 3D rendering
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Potential Confounder: Heterogeneous Marrow

2012

Before ERT

2019

ON ERT



Evaluation of segmentation accuracy
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Quantitative analysis

• Quantification of osteonecrosis and UBM

• ON.V, UBM.V, ON.F (ON.V/(ON.V+UBM.V))

15

Total (n) ON (n) ON.V UBM.V ON.F

Spine 520 97 19.620±16.029
222.856±52.35

6
0.080±0.063

Femur 397 99 78.138±58.722
662.792±139.2

32
0.105±0.074

MR studies were divided according to the presence or absence of ON,

 based on a threshold ON fraction of 0.001



Relationship between osteonecrosis and 

splenectomy – strong effect in spine

16

P<0.000001

P<0.05

P<0.001

P<0.05



Relationship between osteonecrosis and 

untreated disease duration 

17

P<0.001 P<0.001



Correlation with BMB score in femur only

18

P<0.05



Caveats

• Validity for longitudinal analysis needs more work – effect of evolving 

MR technology and changes in scanning protocol

• Dependent on original definition of osteonecrosis and the resulting 

“rules” to guide manual segmentation

• Segmentation of anatomical boundaries more precise than boundaries 

between diseased and non-diseased tissues

19



Summary

• Here we demonstrate a new method to quantify osteonecrosis using 

machine learning

• The method shows good agreement with manual segmentation

• Replication of established risk factors serves as initial clinical validation

• Risk factors for ON at spine and hip are subtly different

20
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Learning Objectives

• At the conclusion of this activity, participants should be able to

1. Recognize the imaging features of Gaucher disease on x-ray and MRI

2. Discuss the potential benefits of artificial intelligence and machine 
learning applied to imaging of Gaucher patients

3. Explain the term radiomics and the advantages this offers over 
conventional imaging techniques

4. Describe new and advanced imaging techniques for the assessment 
of bone density and risk of fragility fracture



Outline

• Imaging of Gaucher bone disease
– MRI, comparison of X-ray and MRI

• AI & machine learning in radiology
– Definitions, radiomics

• Applications of AI & advanced imaging
– Fracture

– Osteonecrosis

– Bone lesions

– Dark marrow



Gaucher Disease

CERAMIDE + GLUCOSE

Glucocerebrosidase

Thrombocytopenia, anemia

Hepatosplenomegaly

Skeletal complications (70-100% of pts)
•Chronic bone pain/acute bone crises
•Dark marrow infiltration by “Gaucher cells”
•Osteopenia/osteoporosis
•Lytic bone lesions (Gaucheromas)
•Pathological fractures
•Osteonecrosis/marrow infarction

GLUCOSYLCERAMIDE

Undegraded glucosylceramide (glycolipid) accumulates in 
“Gaucher cells” of the monocyte/macrophage system



Imaging of Gaucher Bone Disease

Radiographs
(X-rays)

MRI DEXA

Fracture Fracture

Osteonecrosis/marrow 
infarction

Osteonecrosis/marrow 
infarction

Bone lesions Bone lesions

Bone remodeling (e.g. 
Erlenmeyer flask deformity)

Bone remodeling (e.g. 
Erlenmeyer flask deformity)

Hardware/prosthesis
imaging

Hardware/prosthesis
imaging

Cortical thinning/tunneling 
(osteopenia/osteoporosis)

Dark marrow
(and quantitative imaging)

Bone mineral density
(osteopenia/osteoporosis)



MRI of Gaucher Disease

• On MRI, marrow infiltrated 
with Gaucher cells typically 
appears hypointense (dark) 
on both T1- and T2-
weighted images (‘dark 
marrow’)

• Very sensitive for detecting 
major bone complications: 
fracture, 
osteonecrosis/marrow 
infarction, lytic bone lesions



MRI: Femurs



MRI: Lumbar Spine



MRI Marrow Change with Therapy

BL 1Y 2Y 3Y

Roughly 60-70% of patients demonstrate bone marrow 
improvement with medical treatment

From Kamath et al., Skel Radiol 2014; 43: 1353-1360. 



X-Ray vs MRI: Dark Marrow



X-Ray vs MRI: Fracture



X-Ray vs MRI: Osteonecrosis



X-Ray vs MRI: Osteonecrosis



X-Ray vs MRI: Bone Lesion



AI & Machine Learning in Imaging



Definitions

• Artificial intelligence (AI): broad term for computer-based systems 
that mimic human intelligence when performing human tasks

• Machine learning (ML): sub-field of AI that allows computers to 
learn and adapt by drawing inferences from patterns in data 
without following explicit instructions, uses observations from data 
to create algorithms and then employs these to determine future 
output with the goal of designing a system that can learn 
automatically without human intervention

• Deep learning (DL) is a specialized sub-field of ML that uses multiple 
processing layers to progressively extract higher-level features from 
raw input presented in the form of large datasets



Definitions

From Debs and Fayad. Frontiers in Radiology 2023.



AI & ML in Radiology

From Debs and Fayad. Frontiers in Radiology 2023.

• Development of AI models requires training on large datasets with 
high-quality images and annotations



Radiomics

• Radiomics: “Use of advanced mathematical analysis and AI to 
perform high-throughput extraction of quantitative features from 
images, creating a large dataset that is subjected to data mining for 
potentially improved decision support” --> can discern features that 
are not visible to the human eye

• Examples:
o Identify tumor characteristics that correlate with how the tumor 

will respond to treatment and the patient’s likelihood of survival
o Create computational models to help with personalized 

diagnosis and treatment
o Detect subtle signs of drug efficacy and safety
o Identify patients likely to respond to a particular treatment



Radiomics

From Crombe et al. Acad Radiol 2023; 30(2): P322-340. (skewness and kurtosis)



AI/ML in Gaucher Disease

1. Identify fracture and osteonecrosis on 
XR/MR
➢ Determine acuity on XR

2. Segment bone from soft tissue on MRI

3. Within bone, segment and quantify bone 
lesions and osteonecrosis from 
background bone marrow on MRI
➢ Determine risk of collapse

4. Analyze dark marrow content in 
background bone marrow



Detection by AI:
Fracture (XR)

Many AI algorithms are available for fracture detection, including some in routine clinical use



X-Ray vs MRI: Fracture

From Li et al., Spine 2024; 50(16): E330-E335. 



XR DL Prediction Fracture Acuity

From Li et al., Spine 2024; 50(16): E330-E335. 

(Radiomics)



XR DL Prediction Fracture Acuity

From Li et al., Spine 2024; 50(16): E330-E335. 



From Li et al., Spine 2024; 50(16): E330-E335. 

• Machine learning model has performance similar to or 
exceeding that of an experienced specialist surgeon

• Even better performance may be possible when used as an 
auxiliary tool by radiologists (Chen et al., Eur Radiol 2022; 32(3): 1496-1505)

• Limited by image quality and artifacts

• Provides results without demonstration of specific prognostic 
features identified by the model

XR DL Prediction Fracture Acuity



Detection by AI:
Osteonecrosis (XR & MR)



Osteonecrosis Classification (FICAT)

From Radiology Archive, 21 June 2020. 



From Rakhshankhah et al., BMC Musculoskel Disorders 2024; 25: 547. 

XR DL Detection of Osteonecrosis



From Rakhshankhah et al., BMC Musculoskel Disorders 2024; 25: 547. 

XR DL Detection of Osteonecrosis



MR DL Detection of Osteonecrosis

From Yu et al. Bone 2024; 186: 1-11.

orange = osteonecrosis, blue = bone marrow unaffected by osteonecrosis



MR DL Detection of Osteonecrosis

From Yu et al. Bone 2024; 186: 1-11.

Model accurately segments osteonecrosis from background bone marrow in spine and femur



From  Gao et al., BMC Med Inform Dec Making 2024; 24: 430. 

MR DL Risk of Femoral Collapse
(Radiomics)



From  Gao et al., BMC Med Inform Dec Making 2024; 24: 430. 

MR DL Risk of Femoral Collapse

DL vs manual segmentation True negative, true positive, false negative



From  Gao et al., BMC Med Inform Dec Making 2024; 24: 430. 

MR DL Risk of Femoral Collapse



From  Gao et al., BMC Med Inform Dec Making 2024; 24: 430. 

MR DL Risk of Femoral Collapse

Radiomics features identified by DL:  shaped-based, intensity, texture
GLSZM = grey level size zone matrix, GLRLM = grey level run length matrix,

NGTDM = neighboring grey tone difference matrix



Detection by AI:
Bone Lesions (XR & MR)



From  Rinott et al., Clin Radiol 2025; 90: 107075.

XR DL Detection of Bone Lesions



From  Rinott et al., Clin Radiol 2025; 90: 107075.

XR DL Detection of Bone Lesions



From  Wennmann et al., Acad Radiol 2025; 32: 6012-6026.

MR DL Detection of Bone Lesions

Detection of bone lesions in myeloma



From  Wennmann et al., Acad Radiol 2025; 32: 6012-6026.

MR DL Detection of Bone Lesions



From  Wennmann et al., Acad Radiol 2025; 32: 6012-6026.

MR DL Detection of Bone Lesions



Detection by AI:
Dark Marrow/Fat Fraction (MR)



MR DL Fat Fraction

From Morris et al., Comp Struct Biotech J 2024; 24: 89-104. 

• DL tool for high-throughput bone marrow fat fraction analysis

• Used dataset of 729 patients from UK Biobank

• Developed new lightweight attention-based U-Net model for 
segmentation

• Determined fat fraction using in- and out-of-phase images and 
measuring voxel intensity in areas of interest (based on different 
resonance frequencies of hydrogen atoms bound to fat and water)



MR DL Fat Fraction

From Morris et al., Comp Struct Biotech J 2024; 24: 89-104. 



MR DL Fat Fraction

From Morris et al., Comp Struct Biotech J 2024; 24: 89-104. 



MR DL Fat Fraction

From Morris et al., Comp Struct Biotech J 2024; 24: 89-104. 



AI in Gaucher XR/MR

• Combined applications of DL to segment osteonecrosis and bone 
lesions from remaining bone, then determine fat fraction of 
background bone marrow

• This is potentially useful in clinical application:
o Isolation of background dark marrow (most susceptible to 

treatment effect) from potentially irreversible bone lesions
o Ability to quantify dark marrow in specific portions of bone (e.g. 

in the whole femur or in parts of the hip/femur)
o Allows for more standardized assessment of MRI images and 

more useful quantitative analysis
o Quantification of size of osteonecrosis and bone lesions to 

determine focal structural weakness of bone and risk of 
insufficiency or pathologic fracture



Summary

• Bone disease is present in most patients with Gaucher disease, with dark 
marrow, fractures, osteonecrosis, and bone lesions that can be seen on 
imaging including x-ray and MRI.

• AI/ML is a useful tool for assessing x-ray and MRI images in Gaucher 
disease, allowing segmentation of these imaging features, which can aid 
in interpretation, quantify severity of disease, and assess for more minute 
changes in disease severity or response to therapy.

• Radiomics offers the potential to characterize disease features by 'looking 
beyond' the images themselves.
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