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Digital health technologies

Digital technologies aim to enhance the efficiency of healthcare delivery and make medical care more
personalized and precise

4 Telehealth and telemedicine
Health information technologies

Mobile health

Wearable devices

Networking



Global Dlgltal Health Market mtele-heaithcare

Size, by technology, 2022-2032 (USD Billion)
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Top 5 Benefits of Digital Healthcare

Smarter Decisions with Data

Data-driven insights help guide effective
treatment choices.

Engaged Patients

Health apps keep patients informed and
active in care.

Cost Savings

Better Health Outcomes

Real-time monitoring improves patient
care and recovery.

Operational Efficiency

Automated systems streamline tasks,
saving time and resources.




There are also ? ? do apps and digital

concerns around > : therapies really
ioi > ) work?

digital health

new tech can be

challenging to use ‘ ﬁ

Is digital health
tech properly O
researched and

evaluated? I

tech...

il

who has access
to my electronic
health records
and personal
data?
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Getting the need right

"In healthcare, you don rf want to be a technology - driven
business; you want to be a needs - based enterprise because

healthcare is very slow to change.

Change has to happen from within, as opposed to in the IT world,
where it Is possible to disrupt established practices simply by

coming up with a compelling new technology

Rick Altinger, CEO, Glooko Inc.

Glooko_Getting_the Need_Right_031318.pdf




Unmet needs in Gaucher disease

Improving diagnosis

QUAL.TY

IFE

Improving patient care
L Improving
communication




Diagnosis of Gaucher disease Is easy

Dried blood spot (DBS) cards
for sample collection?

BGLU T enzyme levels [c|inica| suspicion]
\

DBS 6““903. E=] ss06208771
G I cS p h - BGLU activity (A second lysosomal —l =¥ ‘ ‘ ’ .
. . enzyme should always be [rncormal]
glycosylsphingosine (Lyso- BGLU Iow and/or | . ccoed to control the aaality of Normal® =
Gb 1) GlcSph High the sample) ows £y
l GlcSph l .
[ Genetic counselling ] NO GD
[ GBA sequencing ]
2 pathogenic 1 pathogenic No variants —_—
variants variant or VUS
P 4
Confirmed GD [ MLPA/RNA analysis ]
\ 2 pathogenetic

variants Dinur T, et al. Gaucher Disease Diagnosis Using Lyso-Gbl on Dry Blood Spot Samples:
Time to Change the Paradigm? Int J Mol Sci 2022; 23.

I WG@ The International Working Group on Gaucher Disease

Guideline Dardis A,, et al. Patient centered guidelines for the laboratory diagnosis of Gaucher

Activity Patient centered guidelines for the laboratory diagnosis of - :
Gaucher disease (GD) type 1 disease type 1. Orphanet J Rare Dis 2022; 17: 442.




Misdiagnosis/Delayed diagnosis in GD is a problem

2 1in 6 patientswere diagnosedk7 yearsafter first consulting a
w doctor (survey o212 patients}

Up to8 (mean3£l.2) different physiciansonsulted before fina
diagnosis (paediatrician, haematmcologist, gastroenterologist, 3 QA O Q00 0
geneticist, neurologist) MMMMMM%F

In the USA, it is estimated that tloeirrently diagnosed GD

Do, are patients (approximatelyl800enrolled in a Gaucher
you s:re Registryaccount forF60% of the total numbe?
thi . . . :
diagnos;: Assuming at least a similar proportion of diagnosed to totain@D
fits me? expect1000-1500not-yet-diagnosed GD patients in Israel

Is a prevalence 01:130,000n France true?

1. Mehta A,et al. Mol GenetMetab. 2017.122:122 129, A
2. Mistry P.et al. Am JHematol 2007,82:697 701;

3. Thomas A%t al.Blood Cells Mol Di201350:212 217

4. Camougt al.Orpha J of Rare Di802520:542 A



Gaucher disease Is a pan ethnic disease

( Journal of Inherited Metabolic Disease i

WILEY

US/
US/
US/

AFHR
1:13,341 —

China 1:80,855

7,368
Epidemiology of Gaucher Disease in France: Trends in —~T ‘_\\ N

| ORIGINAL ARTICLE

Incidence, Mortality, Management, and Complications Over 1:22 205 Taiwan 1:101.134
. . ,
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11 France: Registry-based incidence (Nguyen et al., 2025) mga

Worldwide incidenct ¢ Observed incidence: 0.21 /1,000,000 person-years (PY).

-> Roughly 1 new diagnosis per 4.76 million people per year.
4
&

Matern D. et al. Sem Perinatal. 2015:39:206i 216; Burton BK, et al. J Pediatr. 2017;190:130i 135; Hopkins PV,
et al. J Pediatr. 2015;166:172i 177; Wasserstein, MP, et al. Genet Med. 2019:21:631i 640; Kang L, et al. J Hum

Genet. 2017:62:7631 768; Burlina, AB, et al. J Inherit Metab Dis. 2018:41;209i 219; Stirnemann J, et al. Int J Mol
Cri 29N17-12- 441



Gaucher early diagnosis
consensus
(GEDBC) score

A Delphi consensus process deployed
among a global panel ap
specialists in GD

A A threshold poinscoring system
score 0f0.82identified all14
patients with GD in the analysis set
(100% sensitivity) and7 of 38
patients in the norfGD group{1%
specificity)

A Most patients have a scores>

Mehta, et al. Intern Med J 2019, 49, (5), 578-591; Mehata, et al
Intern Med J. 2020 Dec;50(12):1538-1546; Savolainen et al. Mol
Genet Metab Rep 2021;27:100725; Revel-Vilk, et al. Int. J. Transl.
Med. 2022, 2, 50671 514.

Woeighting Clinical sign or co-variable

Splenomegaly (=3 normal)

Pulmonary infiltrates

Age =18 years

Family history of Parkinson disease

Blood relative who died of fetal hydrops and/or with diagnosis of neonatal sepsis
of uncertain etiology

3 points Disturbed oculomotor function (slow horizontal saccades with unimpaired vision)
Thrombocytopenia, mild or moderate (platelet count, 50—150x10°/L)
" Bone issues, including pain, crises, avascular necrosis, and fractures
ﬁ Family history of Gaucher disease
= Anaemia, mild or moderate (haemoglobin, 95-140 g/L)
$ Hyperferritinaemia, mild or moderate (serum ferritin, 3001000 pg/L)
3 2 points Jewish ancestry
= Disturbed motor function (impairment of primary motor development)
: Hepatomegaly, mild or moderate (=3x normal)
E’ Myoclonus epilepsy
@ Kyphosis
&
= Gammopathy — monoclonal or polyclonal
= Anaemia, severe (haemoglobin, <85 g/dL)
. Hyperferritinaemia, severe (serum ferritin, =1000 pg/L)
1 point
Hepatomegaly, severe (>3x normal)
Thrombocytopenia, severe (platelet count, *:EDKWE#LJ
Gallstones
Bleeding, bruising, or coagulopathy
Leukopenia
8 Cognitive deficit
= Low bone mineral density
E Growth retardation including low body weight
& Asthenia
L&) . - -
: Cardiac calcification
=
o 0.5 points Dyslipidemia
g Elevated angiotensin-converting enzyme levels
w Fatigue
L
o
=
=



GED-C score

Revel-Vilk et al. _ Orphanet Journal of
Orphanet Journal of Rare Diseases (2024) 19:71

https://doi.org/10.1186/513023-024-03042-y Rare Diseases

RESEARCH  OpenAccess
Assessing the diagnostic utility i

of the Gaucher Earlier Diagnosis Consensus
(GED-C) scoring system using real-world data

Shoshana Revel-Vilk'**"® Varda Shalev, Aidan Gill®, Ora Paltiel*%, Orly Manor®, Avraham Tenenbaum?®,
Liat Azani” and Gabriel Chodick®”

157 p value < 0.0001
104 :
5 -
N |
GID Corlltrol
6.5(range0¢l7) 4.0 (range0¢l12.5

Figure 2. ROC curve for GED-C scoring of patients with GD versus controls
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Can the machine be better than us?

COMMON SEMTOMS ’ SYMPTOMS DUGTIOMSS DEEBRAS

COMME DIZANUES —— | (e
DINUMAL. | ; DIAAGNSES

Created with assistance from ChatGPT.

RARE DIAGNOSIS

i

nll’"lﬂ "Illlﬂl

Machine learning

Supervised Unsupervisedl Reinforcment

Task driven Data driven [ -

(Predict next (Indentify :
value) cluster) NINELCS



Wilson etal. . Orphanet Journal of
Orphanet Journal of Rare Diseases (2023) 18:280

https://doi.org/10.1186/513023-023-02868-2 Rare Diseases

. . ®
Development of a rare disease algorithm G

to identify persons at risk of Gaucher disease
using electronic health records in the United
States

Amanda Wilson', Alexandra Chiorean?, Mario Aguiar®, Davorka Sekulic®, Patrick Pavlick?, Neha Shah?,
Lisa Sniderman King”, Marie Génin?, Mélissa Rollot?, Margot Blanchon?, Simon Gosset?, Martin Montmerle?,
Cliona Molony® and Alexandra Dumitriu”




Methods i}

A Optum ® Integrated database includ&8®hospitals and ¥000clinics,
treating >102million patients

A The GD cohort was defined as patients with at least two instances of G
diagnoses (ICELO code E5.22 or at least one record of a &pecific
treatment (Table B in the integrated database

A A total of 756 patients with GD were matched wis28,000controls
(500controls forl patient with GD)

A LightGBM method used
I agebased algorithm encoding defined by age at first occurrence
| prevalencedased algorithm encoding was binary (presence/absence)

Wilson, et al. Orphanet J Rare Dis 2023, 18, (1), 280.
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Feature importance

a)
Symp: splenomegaly
REG: Northeast
Symp: thrombocytopenia
Symp: osteonecrosis
Symp: bone density disorders
Symp: bone pain
Symp: fever
REG: Midwest
Symp: abdominal pain
Prov: Neurology
RACE: Caucasian
Symp: dysphagia
Symp: pulmonary hypertension
Prov: Oncology
Symp: acute kidney disease
RACE: African American

Symp: osteopenia
Female

Treatment: ACE inhibitor
RACE Asian

o

0.5

Feature importance (Arbitrary unit)

features that had a posi ve

b)

Symp: splenomegaly

REG: Northeast

Symp: thrombocytopenia
Symp: osteonecrosis
Symp: bone pain

Prov: Neurology (freq)
REG: Midwest

Symp: bone density disorders
Symp: fever

Symp: abdominal pain
Symp: osteoarthritis

RACE: Caucasian

Prov: Pediatrics (freq)
Symp: hearing impairment
Symp: acute kidney disease
RACE: Other/Unknown
Symp: dysphagia

Symp: pulmonary hypertension
Prov: Gastroenterology (freq)
RACE: African American

0.5 1

[ErY
o

Feature importance (Arbitrary unit)

l npuence towards the GBisdi agnosi s;

grey



Assessing algorithm performance

A The number of patients to be assessed to
identify 28 patients with GD

A

Age model
Score 20.95
+6GD
+ 519 controls

25 GD
1,768 controls

I 1204agebased algorithm 1047 conrls
I 2862prevalencebased algorithm
I 20,743clinical diagnhostic algorithm

A

Prevalence model
Score 20.95
+4GD
+ 1,015 controls

Both the age-based and prevalence-based algorithms

achieved an AUPRC of 0.66

Rule-based filter
+6GD
28 GD + 19,922 controls

20,715 controls
AUPRC (Area Under the Precision-Recall Curve):
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Methods: Data source

* The study utilized electronic records from the
Maccabi Healthcare Service (MHS)

e ~ 3 million health records from 25% of the Israeli
population

* Fully computerized

* Integrated with central laboratory, digitized imaging,

and pharmacy purchase data
Maccabi’s health IT
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RevelVilk S, et al.Int J TransIMed 2022 2, 506514 QLR

RevetVilk S, et al.Orphanetlournal of Rare Disease202419:71; " ;
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Methods: Identification of cases and controls

* MHS was scanned for diagnosis code of GD (Y71156)

~3 million records

!

Potential cases: n = 346

l

Included: Cases excluded:
B Confirmed Gaucher disease (n = 265) No notes Conﬁrming GD diagnosis
Eshilisall or disease-specific treatment

M Inconclusive data (n = 37) - recognized as a “Gaucher carrier”

Asymplomatic cafmers:(n'= 3o} . notes indicating negative GD
Normal bone marrow/genotyping (n = 11) testing

A\

13 randomly selected controls for each GD patient- matched for year
of birth, sex, socioeconomic status (n= 3445)

RevelVilk S, et al.Int J TransIMed 2022 2, 506-514;
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Lesson #: Get the Case Definitions Correct

Misclassified cases lead to misleading algorithms



Data extraction From the first record available until 1 year after the
first documentation of GD

@1 Imaging tests (referrals)

Wl Purchased medications
0.\. Laboratroy data

!“T‘,_j

Tenenbaum A, Revalilk S, et al.J Clin Epidemiol2024 175 111517




LESSONS B

»

Lesson . Data Quality Matters

Realworld data is messy, often incomplete, or entered incorrectly,
and requires careful cleaning and validation to ensure model
reliability



Model development

| Gaucher
Modeling Prediction

0.01 1.0

Train Set
75%

Pre-
Processing

Data
Preparation

Standardization

Feature selection
Over\under

sampling Trained
Model

Duplicates

Test Set

Outliers
Unphysiological 25%
Missing values

NaN& handling

Time Frame

Tenenbaum A, Revalilk S, et al.J Clin Epidemiol2024 175 111517



Feature importance 1 GD related

Time From Abdominal Imaging |
Encounters For Administrative Purposes |GGG
[Thrombocytopenia]_
Observation And Evaluation For Suspected Conditions |GG
BMI

HyperFerritinemia |
Acute Upper Respiratory Infections Of Multiple Or Unspecified Sites |GGG

[ Age at index date]

Other Persons Seeking Consultation Without Complaint Or Sickness
Abdominal Imaging Amount

(Splenomegaly | I
Complications Of Medical Care, NEC _
Symptoms Involving Digestive System |
fime From Last Fracture |

Leukopenia |INNENEGNE
Bleeding NN
Disorders Of Conjunctiva [N
Acute Pharyngitis [N

(Purpura And Other Hemorrhagic Conditions N
Symptoms Involving Head And Neck _

L
'

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
mean(|SHAP value|) (average impact on model output magnitude)




Feature importance 1 clinical non-GD realted

Time From Abdominal Imaging

Encounters For Administrative Purposes
Thrombocytopenia

Observation And Evaluation For Suspected Conditions
BMI

HyperFerritinemia

Acute Upper Respiratory Infections Of Multiple Or Unspecified Sites

Age at index date
Other Persons Seeking Consultation Without Complaint Or Sickness

Abdominal Imaging Amount |

Splenomegaly
Complications Of Medical Care, NEC

Symptoms Involving Digestive System

Time From Last Fracture
Leukopenia

Bleeding

[Disorders of Conjunctivaﬂ

Acute Pharyngitisl

Purpura And Other Hemorrhagic Conditions

Symptoms Involving Head And Neck

0.0

'

0.1 0.2 0.3 0.4 0.5 0.6 0.7
mean(|SHAP value|) (average impact on model output magnitude)



Feature importance T administrative

Time From Abdominal Imaging Ji
Encounters For Administrative Purposes

Thrombocytopenia |
Observation And Evaluation For Suspected Conditions ]
BMI
HyperFerritinemia |
Acute Upper Respiratory Infections Of Multiple Or Unspecified Sites |GGG
Age at index date
[Other Persons Seeking Consultation Without Complaint Or Sickness
Abdominal Imaging Amount}|
Splenomegaly NG
[ Complications Of Medical Care, NEC) |
Symptoms Involving Digestive System |
Time From Last Fracture |
Leukopenia =
Bleeding _
Disorders Of Conjunctiva [N

Acute Pharyngitis |

Purpura And Other Hemorrhagic Conditions | NN

Symptoms Involving Head And Neck _

L
'

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
mean(|SHAP value|) (average impact on model output magnitude)



Clinical only model
[excluding administrative data]

Acute Upper Respiratory Infections Of Multiple Or Unspecified Sites

BmMI

Bones disorders
Thrombocytopenia
HyperFerritinemia
Age at index date
HDL-Cholesterol low
Acute Tonsillitis

symptoms Invalving Head And Neck

Hemoglobin trend
Purpura And Other Hemeorrhagic Conditions

Acute Bronchitis And Bronchiolitis

Viral And Chlamydial Infection In Conditions
Classified Elsewhere And Of Unspecified Site

Disorders Of Conjunctiva

Vitamin B1 in combination with vitamin B6 and/or vitamin B12
Disorders OF External Ear

Iran Deficiency Anemias

Splenamedgaly

Bleeding disorders

Superficial Injury Of Other, Multiple, And Unspecified Sites



Model evaluation

1 - Spedrmcity recall
B. Test set ; : G ‘ol
Receiver Operating Characteristic curve Precision — Recall curve
1.0 - 1.0 -
0.8 - 0.8 -
0.6 - 0.6 -
2 c
> S
= @
z ]
& &
0.4 0.4
0.2 - 0.2 -
— lightGBM (AUC = 0.95) —— lightGBM (AP = 0.80)
—— lightGBM - clinical only (AUC = 0.89) —— lightGBM - clinical only (AP = 0.70) _‘—
—— Logistic Regression (AUC = 0.86) —— Logistic Regression (AP = 0.56)
0.0 1 —— GED-C (AUC = 0.70) 0.0 1 —— GED-C (AP = 0.23)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1 - Specificity Recall

GED-C- Gaucher early diagnosis- consensus [see Mehta, et al. Intern Med 2019 49, (5), 578591] LightGBM - light gradient -boosting machine, AUC- area under the curve
30

Tenenbaum A, Revalilk S, et al.J Clin Epidemiol2024 175 111517



Timing of GD diagnosis detected by the model

The median (25™-75™ percentile) time of early detection was 2.78 (1.29-4.53) years

A Cumulative Early Diagnosis
Test set
0
—e— LightGBM

- —— LightGBM-clin y

5 40

o

13

©

£ 30

o

160 1 —e— LightGBM

2 1204 ~® LightGBM -clinical onl y

3

€ 120

©

)

£ 100

9

5 80

(Y

= 60

B

3

g 40

3

© 20

0 oo
e o 8 e 8 6 =4 -2 0 Index Date
me befor g [ ]

Tenenbaum A, Rewalilk S, et al.J Clin Epidemiol2024 175 111517



LESSONS B

»

Lesson 8. Models Uncover Hidden Clinical Signals

Unexpected features clinical or administrative may emerge,
offering insights into diagnostic processes or comorbidities



Next steps

A Internal validation

A External validation

Part 1: Retrospective
observational
database analysis

MHS medical
records for 2.6
million individuals
1
GD-relevant symptoms,
laboratory tests, and
notes to identify GD
patients extracted

Supervised
machine learning
classifier

Delphi scoring
system (GED-C)

Best score selected
(cross-validation)

Part 2: Application

of best-performing

model scores to the
MHS database

Individuals with top
scores identified

Individuals tested for
GD with lyso-Gb1
(biomarker)

Known and newly
confirmed GD patients

Part 3: Development
of machine learning
models for the
diagnosis of GD

Signs and
covariables included
in the GED-C score
used

Non-informative
features eliminated

Features
quantitative where
possible

Best performing
method selected as the
final model




Facial recognition technology for nGD

Predicted
A 47 children with GD2 TYPE3 TvPe2 CONTROLS GO3
A 86 children with GD3 TYPE3 07 017 016

Actual

Mean Accuracy: 76.64% Standard Deviation: 3.45% Random Chance for Comparison: 37.24%

-9
-—e
>—a
*—e
[ e
Emily Daykin, Nicole Fleischer, Magy Abdelwahab, Nehal Hassib, Raphael Schiffmann, Emory Ryan, Ellen Sidransky,. o

Investigation of a dysmorphic facial phenotype in patients with Gaucher disease types 2 and 3, Molecular Genetics and Smart PhenOtYPing- Better Genetics.
Metabolism, 2021;134(3):274-280.



Unmet needs in Gaucher disease i}

Improving diagnosis

QUAL.TY

IFE

Improving patient care
o Improving
communication




ﬂg nGD

, & « Individualized
St

treatment approaches

s Cost and accessiblility
*  of treatment

{@ Comorbidities

~ 4 Skeletal
€ complications




Spanish registry data

Andrade-Campos et al. Orphanet Journal of Rare Diseases (2020) 15:256 O h | f
https://doi.org/10.1186/513023-020-01520-7 rphanet Journal o

Rare Diseases

RESEARCH Open Access

Check for

|dentification of risk features for
complication in Gaucher’s disease patients:
a machine learning analysis of the Spanish
reqistry of Gaucher disease

Marcio M. Andrade-Campos'“?, Laura Lépez de Frutos'*?, Jorge J. Cebolla®, Irene Serrano-Gonzalo™”,
Blanca Medrano-Engay®*, Mercedes Roca-Espiau™®, Beatriz Gomez-Barrera’, Jorge Pérez-Heredia®,
David Iniguez’® and Pilar Giraldo'**

A 340 patients with type 1 GD
A Predictive models for long-term complications using decision trees



Correlation network between variables

\.

. Hct
Triglycer 2
SiRen X “Chol-HDL
Acid Phb’sph -
holesterol
/ Hb Ifon
Chol- L | lgM J 7\
; Dose ERT
" ‘ Yeak Qn Tx

| /B12 vitamir -
Leucocytes
Bilirrubin

Fig. 1 Correlation network between numerical variables. Nodes are the variables and a link is established between them if correlation is

statistically significant (p-value <0.05). Those nodes that are joined by stronger links are placed closer, while those that are unrelated are further
away. GluSph: Lyso-glucosylsphingosine; Triglycer: serum triglycerides; Hct: hematocrit; Acid Phosphatase; Chol-HDL: cholesterol HDL, Chol-L.DL

serum concentration: cholesterol LDL serum concentration; IgM: immunoglobuline M serum concentration; Tx: therapy; Delay Tx: time since
diagnosis to start of therapy

Spleen removal
Other diseases

Neoplasi h

Parkinson disease

Geng
Fig. 2 Correlation network between categorical variables, where the nodes are the different variables and a link is established between two of
them if the correlation calculated between them is statistically significant (p-value £0.05). Those nodes that are joined by stronger links are placed
closer, while those that are unrelated are further apart

Andrade-Campos MM, et al. Orphanet J Rare Dis. 2020;15:256




Al A2 A3

Severe bone disease

Age to start therapy < 9.5 .

B: repeat Bone Cr| yes
AOOAOEI OO ODIOAISRAAOI | U j Soo%
A Spanish MRI score ($/RI) (U1 &98, p'l 0.00) (=) S_MRI<25 [}
A 1gA levels (Ul &9B,p'l &O0),
A Ferritin levels (U I &8b,p'l &0B) s
A Triglyceride levels (U1 &76,p'l 0.00) o

A$EACIT 196yds (p' @.001)
A Years between Dx and treatment (JI €677, p'l &0L0)

A Delayed age of initiation of ERT (|JI &80, p'l &0L)

Andrade-Campos MM, et al. Orphanet J Rare Dis. 2020;15:256



Risk for comorbidities

Cancer
A High levels of 1I9G (U1 &90, p'l &00)
A Delayed Tx time (U &70, p'l &0D)

Parkinson disease
A Ferritin levels (U1 @90, p'l E0Y)
A Age at Dx (W'l &4b,p'l E00)

Ferritin ng/mL Age at GD diagnosis (y)

Andrade-Campos MM, et al. Orphanet J Rare Dis. 2020;15:256



Advantages of digital technology  seem

In the assessment of bone marrow
iInvolvement in Gaucher's disease
3
& 06
2
Esther Valero-Tena ® 2, Mercedes Roca-Espiau @ ?, g
. . v . 04
Jose Verdu-Diaz ® 3, Jordi Diaz-Manera @ °, -
Marcio Andrade-Campos ® 2** and Pilar Giraldo ® 24*
v.2
!Departamento de Medicina Interna y Reumatologia, Hospital MAZ, Zaragoza, Spain, *Fundacion |
Esparola para el Estudio y Terapeutica de la Enfermedad de Gaucher y otras Lisosomales (FEETEG), — baseline
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Deep learning-based quantification of osteonecrosis using magnetic resonance images in Gaucher
disease

Patrick Deegan, Boliang Yu, Tristan Whitmarsh, Philipp Reide, Scott McDonald, Joshua Kaggie, Timothy
Cox, Kenneth Poole

Department of Medicine, University of Cambridge, Cambridge, UK; Department of Astronomy, University of
Cambridge, Cambridge, UK; Department of Radiology, University of Cambridge, Cambridge, UK.

Osteonecrosis (ON) is a principal clinical manifestation of Gaucher disease and often leads to joint
collapse and fractures. T1-weighted (T1w) modality in MRl is widely used to assess bone involvement in
Gaucher disease. However, objective and quantitative methods for assessing osteonecrosis are limited.
Here, we present a deep learning-based quantification approach for the segmentation of osteonecrosis
and the extraction of characteristic parameters. We constructed two independent U-net models to
segment osteonecrosis and bone marrow unaffected by osteonecrosis (UBM) in spine and femur
respectively, based on T1w images from patients in the national GAUCHERITE study. We manually

segmented osteonecrosis and UBM from 364 T1w images (176 for spine, 188 for femur) as the learning
datasets, and the trained models were then applied to all 917 T1w images in the database. To quantify the

Prior splenectomy )

Interval to strart Tx )

segmentation, we calculated volume of ON, volume of UBM, and the fraction of total marrow occupied by
ON (ON.F). We assessed whether clinical factors, known to be linked with risk of ON, were also

associated with the quantitative measure of ON. Prior splenectomy was closely associated with the

fractional volume of ON, especially in the spine (Mann-Whitney, p<0.001 for spine and p< 0.05 for femur).

Applying a cut-off value of 0.001 to the ON.F to establish a binary diagnosis of ON, we also found a strong
association between splenectomy and the presence of ON (Chi-square p< 0.001 for spine and p<0.05 for
femur). Similarly, we found a relationship between interval from age at first symptom to age of onset of
treatment with ON.F (Mann-Whitney, p<0.001 each for spine and femur). We propose this as an efficient
tool for assessing the presence and extent of osteonecrosis in MR images. The particularly close
association between splenectomy and ON of the spine merits close attention.
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A Deep-Learning Approach to Spleen Volume Estimation in Patients with Gaucher Disease

Majdolen Istaiti', Ido Azuri?, Ameer Wattad?®, Keren Peri-Hanania*, Tamar Kashti*, Ronnie Rosen?, Yaron
Caspi*, Makram Wattad?, Yaakov Applbaum?5, Ari Zimran'®, Shoshana Revel-Vilk"®, Yonina C.Eldar*
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Al-Driven personalized treatment strategies
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A Feasibility Open-Labeled Clinical Trial Using a
Second-Generation Artificial-Intelligence-Based
Therapeutic Regimen in Patients with Gaucher
Disease Treated with Enzyme Replacement Therapy
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Constrained disorder principle (CDP)

A Living systems need variability to stay healthy

I heart rate, glucose levels, immune system

A Disease = loss of constrained disorder
I variabllity is lost
A flat heart rate variability Y heart failure
I variability becomes uncontrolled

A uncontrolled glucose swings Y diabetes complications

A uncontrolled immune system Y autoimmune disease



Constrained disorder principle (CDP)

Body® attempt to keep The body adjusts to new set The system functions within dynamic
things stable around a points stress or iliness. These  limits, adapting over time based on the
fixed set point shifts still require energy environment
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Background for study in Gaucher disease

A >10% of patients show incomplete or diminishing response to current

Gaucher disease therapies
First GD Therapeutic options

case
report

1882 1934 1965 1967 1985 1996 2006
1970 1983 1990 1984 2000 2010 2012 2014

ERT

A Applying Al-driven adaptive dosing can tailor treatment patterns and
potentially improve GD-related therapy effectiveness



Methods

Design: 6-month, open-label, single-center, proof-of-concept study
Participants: 5 adults with GD1 on stable ERT (301 60 U/kg/month)
Platform: Altus CareE mobile app

Randomized ERT dosage and administration intervals
I Dosing interval: 101 18 days (vs. standard 14).
I Randomized infusion time: 7 a.m.1 2 p.m.

o To Io o

Table 2. An example of drug administration based on the randomization algorithm for one of the

subjects in the study.
Administration time: 1 14 31 45 62 74 91 104 121 135 149 165
Days since recruitment
Dosage 3200 2000 4400 800 1200 4000 800 4400 3600 1600 2000 3200

Administration time—hour 8:30 9:45 8:45 9:00 9:30 8:15 7:15 7:00 9:00 7:45 9:00 8:45

Hurvitz, N., et al. J. Clin. Med. 2024, 13, 3325.
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A Completion: 5/5 patients completed 6 T

months; no adverse events

A Adherence: 100% engagement through the
Altus CareE app
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A Quality of Life (SF-36): ¥ in 1, stable in 3,

slight Zin 1 e R
A Hemoglobin: Stable in 4, ¥in 1 (gp 047 g/dL)
A Platelets: §in 2, Zin 2, stable in 1. =
A Lyso-Gb1l: Zin 2 patients (mean 7 25 ng/mL) .

Patient 1 Patient 2 Patient 3 Patient 4 Patient 5

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



Unmet needs in Gaucher disease i}

Improving diagnosis
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Improving patient care
o Improving
communication




Telemedicine tools

A Consultation/services to
physicians or other practitioners

A Direct care for
face-to-face vid
with or without

patients using
eoconferencing,

neripheral devices

A Remote patient monitoring tools
to manage chronic illnesses to
supplement in-person care

ICU, intensive care unit
Tuckson RV, et al. N Engl J Med. 2017;377:158
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