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I’m not a bioinformatic

If you can’t explain it simply, you
don’t understand it well enough.

— Albert Einstein




What’s Al?

stands for artificial intelligence,
which is the simulation of human
intelligence processes by machines
or computer systems.

Al can mimic
such as communication, learning
from experience, and




What’s Al?

D Generalzed leor*ning

D | Reosoning

E/_T Problem solving




Al in our life
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Big Data in Healthcare:
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------ | il
16000 49million

collec]tdcxtaw patients use r<errno\'tej'm;>r.1.itc'>xvi;1lg
By, ™

80% ‘F¥

of health data is
unstructured and

* Large amount of patient data stored in EHRs

* Widespread digitalization in healthcare
(exponentially increasing of data from many
different sources)

e Potential rich source for research and data
mining



“Professional judgement will be always
vital to shaping care,

but ...
the amount of information for any given

decision is moving beyond unassisted
Human Capacity”
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IOM ROUNDTABLE ON EVIDENCE-BASED MEDICINE

THE LEARNING
HEALTHCARE SYSTEM

Olsen, LeighAnne, Dara Aisner, and J. Michael McGinnis.
"The learning healthcare system.” (2007).



Fundamental theory of informatics
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2. WHY THIS STUDY?

Celiac disease: a hidden burden

High prevalence THE CELIAC DISEASE ICEBERG

Celiac disease affects >1% of the global population

(~80 million people worldwide) Diagnosed 4 Patients with typical
-l 2 5% / A symptoms or positive
A serolo
Underdiagnosed Vislbicitie s 9y

Up to 75% of people with CeD remain
undiagnosed

Clinical variability

From typical gastrointestinal symptoms to P e Patients with non-specific
atypical extra-intestinal manifestations Undiagnosed Wi or atypical symptoms

not identified by
Diagnostic challenge L current approaches

Hidden mass

Current strategies rely on clinical suspicion
and serology, missing many cases

Opportunity with Al
Machine learning can uncover non-obvious patterns
in routine clinical data to guide screening

2| @ ®

O We need better tools to identify children who should be screened
before celiac disease remains hidden.
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ARTIFICIAL INTELLIGENCE



Learning process: supervised vs unsupervised

SUPERVISED LEARNING

The teacher (developer) knows what
they want to teach the child (Al)

@ b & b
Wﬂ@% '@ﬂi_&

UNSUPERVISED LEARNING

The teacher does not influence how the
child learns the task but observes the
conclusions the child can draw from
solving it
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Learning process: supervised vs unsupervised
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Unsupervised Learning




Supervised ML

DATA
Features

(covariates)
Labels
(outcomes)

Internal
Validation

External
Validation

Train model Measure
using training model
set performance
(ie. derivation using training
cohort) set first

Measure
performance
on test set
(ie. validation
cohort)

Supervised learning




1. STUDY POPULATION

DISCOVERY COHORT CONTROLS

™R

Comparable for
age and sex
(frequency matching)

Children with CeD

with nonspecific
clinical features

\ 4

No individual
matching

2014 - 2019

Sapienza University
of Rome, Italy

& INCLUSION CRITERIA €) EXCLUSION CRITERIA

< 18 years old EoE and CeD

Demographic,
anthropometric,
clinical and laboratory

data were collected
for all patients.

%

Other infective diseases

NE [

No previous diagnosis of CeD

Unknown family and/or

CeD patients with complete data
medical history

for all features

W




CLINICAL AND LABORATORY FEATURES CONSIDERED

Collecting the right information to predict celiac disease in children

DEMOGRAPHIC ANTHROPOMETRIC SYMPTOMS LABORATORY TESTS FAMILIAL HISTORY
‘ ) % Gastrointestinal Hematology ® ‘ ® =
@& * Age * Height F % AT
Systemic ¢ Iron status ﬁ 4' o
*w e Sex * Weight &= tl\ & é ‘ a
> - - 7 Liver enzymes
* BMI % Neurolegical @ ¢ Celiac disease
\/J// Vitamins & others ¢ Other autoimmune
) diseases
AUTOIMMUNE DISEASES RELATED SYNDROMES
¢ Type 1Diabetes ¢ Psoriasis ; y ¢ Down Syndrome
« Hashimoto’s thyroiditis « Vitiligo : e William Syndrome
* Rheumatoid arthritis ¢ Multiple Sclerosis ! v e Turner Syndrome
* Systemic lupus erythematosus ‘/
Children with LABORATORY TEST DETAILS
TIME FROM FAMILIARITY FOR CELIAC DISEASE > nonspecific clinical
SYMPTOMS ONSET ) features Hamacok 9y
« Family member affected Hemoglobin, White cell count,
(mother, father, sister, FAMILIARITY FOR AUTOIMMUNE DISEASES Lymehocytes, Neuteophils,
] SRS R brother, grandparents, Platelets, MCV, ROW
+ Months Wi cousins, uncles) * Type 1 Diabetes ¢ Psoriasis Coagulation
0.0 % : ) P o Vitil: Prothrombin time, INR,
» Number of family members affected ] Hashimoto's Unyrolditle Vitllioe Partial thromboplastin time
(1,2 3..) * Rheumatoid arthritis * Multiple Sclerosis A
Chemistry
* Systemic lupus erythematosus A Ferritin, LDH, CPK, Protein, Albumin,
Triglycerides, Total IgA, IgM, IgG
Consistent, structured ° 218 vearaioid - DATA PREPROCESSING TOTAL INPUT FEATURES
clinical interview S yeak TGAIgA VALUES —] )
with predefined script * No previous diagnosis of CeD (suggestive of disease) = ga:a standard_lzed 73
(Gl, systemic, neurological « Excluded: EoE and CeD, e ey . efore analysis Useddiis npitto
symptoms and family history other infective diseases, the machine learning

up to second-degree relatives) unknown family/medical history model




Learning process: how it works

| will tell you
about Machine
Learning

| will tell you
about Al &




73 CLINICAL &
LABORATORY FEATURES

5§ B #

%

DATA

(

(73 features)

MACHINE LEARNING PIPELINE

Predicting Celiac Disease in Children

© A

10-FOLD MODEL TRAINING MODEL
CROSS-VALIDATION (LASSO) EVALUATION
e © ® @]
fold1 B EEE 0.‘..0

S @

Foid2 HIBEEB
PRECISION
= . NMNNEEmEC) =
... N
roidto MEEEE e A (7))
. RECALL F1-SCORE
I TRAIN (90%) LASSO
TEST (10%) selects the most
important features Best threshold
(Youden’s J)
RESULT

Robust & reliable
model

- &

Better detection
of Celiac Disease

i i ail

- ©

ML MODEL
(LASSO +CV)

EVALUATION
(AUC, F1, Recall...)

=

5

PREDICTION
@ ul
K B
CeD CeD
YES NO
High performance

on unseen data

@
%

& PREDICT

' CeD (Yes / No)



ML development:

raining — alidation — est

Dataset
| l
Training Validation Test
Used to Used for fine- Used to evaluate
train the tuning the the model
model hyperparameters performance
Train model — Validate Test

Change model

(e.g. hyper parameters)

Satisfactory
performance

Unsatisfacfory
performagce




' SHOWIME THER™
— . ML development: Cross-Validation

-

Training

Training | Validation \

Training
Training

Score

Score

Score

Score

In K-fold cross-validation, the data used for training and validation are split
into K parts, after which the model is subsequently trained with K-1 folds
of data and validated on the left-out fold. This is repeated for all folds

after which the scores are pooled.

[ 91005 98eJaAYy



ML development: Cross-Validation

Original data, divided into k parts

i

Training data Test data

Round 1 %T

A

e ) [

Round 3 [%r
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ML development: Cross-Validation

When you realize k-Fold Cross Validation can only
validate your h_ypergarametgr_s, not yourself..
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HOW WE COMPARE MACHINE LEARNING MODELS

We evaluate each model across multiple complementary aspects
to identify the best performer and ensure a fair comparison.

( |

1. ROC AUC 2. F1 SCORE 3. ACCURACY 4. PRECISION (PPV) 5. RECALL (SENSITIVITY)
(Discrimination) (Balance) (Overall Correctness) (Positive Predictive Value) (True Positive Rate)
FPR

Ability of the model to Harmonic mean of Proportion of total Among predicted CeD Among actual CeD
distinguish between precision and recall. correct predictions patients, the proportion patients, the proportion

CeD patients and Balances false positives (both CeD and that are truly CeD that are correctly

controls across all and false negatives. controls). positive. identified.

thresholds.
Higher is better 1‘ Higher is better 1‘ ‘ ( Higher is better T ‘ Higher is better 4 Higher is better T

MODELS COMPARED

) @ s i Al

LASSO RIDGE SVM RANDOM FOREST ADABOOST

(L1 Regularization) (L2 Regularization) (Linear Kernel) (Ensemble) (Boosting)

providing reliable and clinically meaningful results. .-

<O/ , OUR GOAL Identify the model that achieves the best predictive performance while . )




3. STUDY DESIGN & COHORT

A discovery cohort of children with non-specific clinical features
compared with age- and gender-matched controls

Children enrolled -
1315 FINAL ANALYTICAL COHORT

i 325 s ,i\ 490

3
Controls 4 9 CeD patients Controls
665 |Qr/ ; |
i Q KEY FEATURES
*
Excluded v—] 73 non-serological clinical features
175 v~  (symptoms, labs, family history, auxology)

%

%

Excluded*
325
- » - ‘ 8 P
CeD included Controls included
325 Matched by 490 L[] No anti-transglutaminase IgA values
age & gender "J I included in the models
Supervised machine learning models

* 325 CeD and 175 Controls were excluded because they did not fill enrolled criteria listed in Table 1 —a.  with 10-fold cross-validation

— DATA DOMAINS CONSIDERED (73 FEATURES)

‘ Demographics & Symptoms 2 Family history Laboratory Associated Time from
‘é Auxology (Typical & Atypical) =  (CeD & Autoimmune) Tests Autoimmune Diseases Symptoms Onset




CeD vs CONTROLS: KEY DIFFERENCES AT A GLANCE

{
MORE FREQUENT IN CeD GROUP STUDY COHORT ' MORE FREQUENT IN CONTROLS

815

of celiac disease B—8 Similar time from

ﬁ symptoms onset m

(~27 months)

¥
9 Lower weight & CHILDREN ‘ "ﬁ; Vomiting *
|
. . . ‘ ,: R
w FRRUES it ‘r @ » ‘ Reflux-like symptoms ?
=S ‘ I :
d : . g
= %~ Recurrent abdominal pain 1‘ @
- @ CeD GROUP @ CONTROLS | .$ Neurological symptoms 4
5&%5 Constipation 4 ' n=325 ' ni=490
y4
z
z -
S e Family history A l ‘ Aenpleotogss *

Female sex Older age 4

0 2

~

LABORATORY DIFFERENCES (CeD vs CONTROLS)

Lower MCV o
" (Mean Cell Volume) ﬁ( l Lower IgG 6 ¢ Lower Prothrombin Time

MACHINE LEARNING
identified patterns beyond classical celiac symptoms,

improving the detection of celiac disease in children. e




Machine Learning Model Performance Comparison

ROC AUC F1 Score Accuracy
1.2 1.2 1.2
1.0 1.0 1.0
0725 0136 0.8 0.8
o 0.857 0. 0638 0649 0.659 o
Soe So06
wn wn
0.4 0.4
0.2 0.2
r . 00 B . 0.0
‘5}6 QG&‘: > & o
b° b°
o @
Precision (PPV) Recall (Sensitivity)
1.2 1.2
10 10 the Ridge classifier emerged as

the most balanced, achieving
the highest mean F1-score
(0.662) and a mean AUC of
0.763.




ROC AUC F1 Score Accuracy Precision
(PPV)
107 mmLasso Ridge MESVM [ RF
0.8 R -
X = W | :‘ »
0.6 'i l I |
\
0.4 ‘ ‘
0.2
0.0 . -
ROC AUC F1 Score Accuracy Precision
(PPV)

N

LASSO: PREDICTION + INTERPRETABILITY

Slightly lower predictive metrics, but unique feature selection capability

1. MODEL COMPARISON

Performance across 5 metrics

e @ (9

- Best overall performance:

Ridge

o®e
@mn

Recall
(Sensitivity)

I AdaBoost

Recall
(Sensitivity)

LASSO
: Most stable recall

Ridge/AdaBoost achieve the highest predictive

performance across most metrics.

=

2. WHY LASSO WAS CHOSEN

The only model with built-in
feature selection (L1 penalty)

%o
0 ®0%0 ®
o0 ,®
P .. l* —’ @] ®
A -
®e °,° ©
o ®
73 input Most relevant
features features

7~

4

Q

Identifies the
most informative
clinical variables

v
v
¥ I

Improves Reduces

interpretability

©

LASSO balances performance and interpretability,
providing clinically meaningful insights.

Enables discovery of key disease
drivers beyond prediction alone.

—

complexity and
overfitting

=0

3. RESULTS OF FEATURE SELECTION

il

>

Prediction power + Understanding disease mechanisms
= Better clinical decision-making

Top 40 most important features

(Selected by LASSO) Consistency
(across folds)
FAMILY HISTORY
(AUTOIMMUNE DISEASES)

* Hashimoto’s thyroiditis _

¢ Psoriasis [ = — @
KEY SYMPTOMS

* Muscle pain E— @
* Fatigue E—

* GERD-like symptoms e

LABORATORY DEVIATIONS

* Hemoglobin ({) e
* Ferritin (1) pE———
* MCV (1) —
*lgG ({) E—

Clinical insights
into CeD
diagnostic drivers

o

High stability across
cross-validation folds
(Figure S2)

Q



Clinical Feature
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Top 40 Most Important Clinical Features

M Celiac Disease
vomiting

GP T1DM

B Rheumatoid Arthritis
dysphagia

F Psoriasis

irritability

fatigue
muscle pains
reflux-like sym
F Celiac Disease
O Celiac Disease
migraine
GM Hashimoto Thiroiditis
patological fractures
failure to thrive
GM LES
diarrhea
F Vitiligo
S Hashimoto's Thyroiditis
F T1DM_class_3
GM Multiple sclerosis
F Multiple Sclerosis
GM Celiac Disease
B Hashimoto's Thyroiditis
GM Rheumatoid
joint pains
Gender
S Psoriasis
constipation
T1DM
M Hashimoto's Thyroiditis_class_3
GP Rheumatoid Arthritis
GM T1DM
M Rheumatoid Arthritis
neurological symptoms
O T1DM
asthenia

dental enamel hypoplasia

0.10 0.15 0.20 0.25 0.30 0.35

0.05
Feature Importance (Aggregated LASSO Coefficient)

0.

(=]
=]

| Feature

inica

Cl

0.40

Top 25 Most Important Clinical Features

M Celiac Disease
vorniting |
GP T1DM
B Rheumatoid Arthritis
dysphagia
F Psoriasis
irritability
O Psoriasis
fatigue
muscle pains
reflux-like sym
F Celiac Disease
O Celiac Disease
migraine
GM Hashimoto Thiroiditis
patological fractures
failure to thrive
GM LES
diarrhea

F Vitiligo

S Hashimoto's Thyroiditis
F T1DM_class_3

GM Multiple sclerosis
F Multiple Sclerosis

GM Celiac Disease

0.10 0.15 0.20 0.25 0.30 0.35 0.40

0.05
Feature Importance (Aggregated LASSO Coefficient)

0.

o
o



Selection Frequency Across CV Folds

Consistency Decay of LASSO Features

1 0 LOL AL DL DL AL B0 DL DL B DL DL BE BL DL A8 DL DL R BL DL B BF DL D0 OF DL O BL L B b0 Ll B ]

0.8 \-.-.-

—?———--—

|
|
0.6 : -0
I 57 Fe
I >=0.
|
|
|
0.4 |
|
|
|
|
|
|
0.2 |
|
|
|
|
|
|
0'00 20 40 60

Feature Rank (Sorted by Consistency)

tures with
Lonsistency

80



Performance Score

TGA-IgA Benchmark Comparison

1.2

1.0 1

e
[e.2]
L

o
[=2]
L

o
=
L

0.2 1

@ ROC AUC
[ F1 Score
1 Precision

[ Sensitivity
0.965 0.946

0.0 -

TGA-IgA Only

Clinical Features

(No TGA)
Model Configuration

0.957 0.933

Clinical Features
+ TGA-IgA




i

40 stable non-serological predictors

~

@ WHAT WE FOUND

Machine Learning identified

Family history of autoimmune diseases
* Hashimoto's thyroiditis
¢ Psoriasis

Non-obvious symptoms
¢ Muscle pain

* Fatigue

* GERD-like symptoms

Routine laboratory abnormalities
e Ferritin (1)

* Hemoglobin (1)

« MCV ()

* 1gG({)

Potential new “red flags” for screening J

/

Diagnosed CeD

Undiagnosed CeD o———— j

-

4

DISCUSSION

Finding the hidden celiac iceberg

4 v CLINICAL IMPACT -

. Child with
vague symptoms

Nonspecific and
non-classical features

ML-based
risk assessment
Integrates 73 clinical,

laboratory and
family history features

,./ £
%
=
L\C E)

Targeted
TGA-IgA testing
Screen only children
at higher risk

Earlier diagnosis

Timely treatment and
better outcomes

/

S

Single-center cohort
Data from one referral center

Pediatric Italian
population only
May limit generalizability to
other populations

Ve

Clinical data depend on

@

-

‘/v/‘ .\" . . .

( & | physician reporting
‘\_ / Subject to recall and

, reporting bias

Different laboratory
% platforms
Potential variability in

laboratory measurements

No external validation cohort

Findings need replication in
independent populations

Case-finding instead of mass screening
. 5

e

2

56

ML-assisted
case finding

=

Discover the
hidden patients

Machine Learning may help pediatricians
recognize children who deserve celiac
screening before serology is ordered.

- 9
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YOU'RE EITHER AT THE
TABLE OR ON THE MENU.
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