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Complex Networks and machine learning

Multiple data types
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Necessity of quantitative methods to manage, process and analyze data of complex matter and great cardinality (Big Data).




Complex Networks and machine learning
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Multimodal and longitudinal data

Voxel-based approach Stratified S.trat‘|f|ed
fMRI training set validation set
IN P PN N
NN N N N features
<< r\[\ r\[\ r\r\ [\l\ l l
NN N
NI fi - fx Feature Impartant
<N : ; : . . feature >
: " : P subjects selection .

S oy o mo o ! selection

\ Lf, " ‘ ) classification
ik U Classifier Classification ‘models
g training model

el
gyt \"*I‘ll"'rj"“{"}*\’ e
a 1
Y ',;M;?.-“M% _,453):/4&
| » y \
4,\‘&{,"'1;'-\,\.“',\-;!1‘.‘ -lﬁ’\' “ll"fd ‘HJ“

P
v-.',V'Jn,%‘\tl,'l,ﬂ\"ﬂ ¢hh i ‘/'\“ﬁ L

e 'ﬂ"w»,'n',"llh'-tlﬂ,‘\,"I«,w/v'\'r‘{',‘r'i.\,,",“\u'\"l"‘\l-'u,“:«‘/".',Q
A A
"M'} Mv.,\,\v‘,m, Y Adon

) A,
Al

A ‘1\!»-.’1',\"\'.‘”,,’
oyl TR R Y S Y ,v'r.\,,y-/“fv.‘.;

et .,JH,PJ WAt N .»‘,N"y\NM"'J,\~’rﬂ~"w Mg g/ 'N‘r"l\' f i
i

Time series

Feature extraction with
different approaches

Automatic learning pipeline

Training set

Validation set

Test set

!

!

1000 cross-validation rounds

l

Prediction on
the validation
set

Prediction on
the test set




Complex Networks and machine learning \ e s

ALDO MORO

Anatomical Interpretation

By identifying which brain areas correspond to the important features obtained from the machine leaning models, it is
possible to have clinical interpretations

Patch level ROI level Voxel level Sensor level



Multiplex Networks

Multiple subjects
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Existing approaches are not able to study the

same nodes as interactions change.

) \\
Layer 1 Layer2. ......
Multiplex  Networks are an  innovative

investigation instrument able to provide context
information among networks with fixed nodes
and variable connections.
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Alzheimer case study

UNIVERSITA

DEGLI STUDI DI BARI
ALDO MORO

Data: T1 MRI of normal controls, Alzheimer disease (AD) subjects, Mild cognitive impairment (MCI) subjects who
will develop AD. These data come from Alzheimer’s Disease Neuroimaging Initiative (ADNI).
Goal: early detection of the disease in order to test new treatments when they can be truly effective.

Undirected weighted networks

Layer 1 Layer2, .o s s s Layera, . o oo oo Layer M

Nodes: Patches, Rectangular parallelepipeds which images can be regularly divided into
Connections: Pearson’s correlation coefficient r; between pairs of nodes.

Yh=1(pf — D) (@f — D)) pf e p}f are voxel intensity at k position

Tj= — — of the patches i and j.
Jzk:1(Pi _pi)z\/zkzl(pj - Pj)2 D patch size.

(N. Amoroso, M. La Rocca et al.,
Frontiers in Aging Neuroscience,
2018)

Multi and single layer metrics concerning node importance and weight uniformity were extracted to train the machine

learning system



Alzheimer case study
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A fairly stable region in the range of [2250, 3500]
voxel. The optimal performance was achieved for a
volume of 3000 voxel and an accuracy of 0.88£0.01
significantly greater than that obtained with
standard methods like Free Surfer (0.83+0.01).
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1) identification of a privileged scale to detect disease

effects.
Classification accuracy on an
independent dataset

NC-AD NC-cMCI 2) Compared to standard methods, it detects more disease-
0.86 + 0.01 0.84 + 0.01 related anatomical regions with an unsupervised
segmentation method.

3) The method is reliable and lends itself well to becoming predictive.



An explainability Al approach to brain connectivity in Alzheimer's
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(N. Amoroso, S. Quarto, M. La Rocca et al., Frontiers in Aging
Neuroscience, 2023)

RF

RF = 0.66 + 0.07
SVM = 0.64 + 0.06
XGB = 0.63 £ 0.06
NB = 0.56 £ 0.08
LR =0.42 +£0.08
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Robustness and Reliability

AD AUC =0.81£0.02
MCI AUC =0.77 £0.01
CN AUC =0.83%0.01
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False Positive Rate

Sgrensen et al., 20147

Wachinger et al., 2014a”

Ledig et al., 20147

Dimitriadis et al., 2018® (multiclass)
Jimenez-Mesa et al., 2020°

Dataset Label

CN 4

MCI 12

AD - 1 35 46
CN MCI AD

RF Predictions

Accuracy (%)
63.0 (57.9-67.5)
59.0 (54.0-63.6)
57.9 (52.5-62.7)
61.9

67

AUC (%)

78.8 (75.6-82.0)
77.0 (73.6-80.3)
76.7 (73.6-79.8)

[71Bron et al. (2015). Standardized evaluation of algorithms for computer-aided diagnosis of dementia based on structural

mri: the caddementia challenge.

18] Dimitriadis et al. (2018). Random forest feature selection, fusion and ensemble strategy: combining multiple morphological

MRI measures to discriminate among healhy elderly, MCI, cMCl and Alzheimer’s disease patients.
191 Jimenez-Mesa etal. (2020). Optimized one vs. one approach in multiclass classification for early Alzheimer’s disease and

mild cognitive impairment diagnosis.
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An explainability Al approach to brain connectivity in Alzheimer's
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XAl driving features
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Global Feature Importance vs: | Spearman’s p p-value
AD Feature lmportance 0.06 0.6
MCI Feature Importance 0.73 <22x101'°
CN Feature lmportance 0.59 4x 10"

The correlation is high for all the classes but the AD class underlining how much AD subjects are heterogeneous
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Driving features for personalized explanations
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strength.61
eigenvector.21
strength.341
eigenvector.61
eigenvector.304
strength.21
betweenness.380
betweenness.179

strength.374
eigenvector.79
strength.96
strength.79
betweenness.63
strength.380

f(x) = 0.762
=
=
9
B
E[f(x)] = 0.283

SHAP value

MCI patient correctly classified

eigenvector.187
betweenness.313
eigenvector.366
strength.439
eigenvector.439
betweenness.380
strength.308
betweenness.368
betweenness.420
strength.380
eigenvector.255
betweenness.255
eigenvector.297

betweenness.188

E[f(x)] = 0.391

f(x) = 0.777
:

0.7

betweenness.298
betweenness.293
strength.293
betweenness.255
strength.255
eigenvector.255
eigenvector.523
eigenvector.417
eigenvector.286
betweenness.70
eigenvector.305
betweenness.420
strength.523

eigenvector.304

NC patient correctly classified

f(x) =0.79
=
=
=
P
E.)‘
D
D
D
D
D
E[f(x)] = 0.326
SHAP value



An explainability Al approach to brain connectivity in Alzheimer's

UNIVERSITA

DEGLI STUDI DI RARI
ALDO MORO

From network metrics to brain regions

Para Hippocampal Gyrus
Amygdala

s Fusiform gyrus

Middle Occipital Gyrus

Posterior Cingulate
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Temporal lobe Sub-Gyral

Thalamus

NC
Insula
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Data: T1 MRI of Normal controls, Parkinson disease (PD) subjects at the first stages of the disease. Data come from

the Parkinson’s Progression Markers Initiative (PPMI).

Goal: early detection of the disease in order to test new treatments when they can be truly effective.

This method outperform conventional methods
such  as FreeSurfer or  Voxel Based
Morphometries.
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(N. Amoroso, M. La Rocca et al., Medical image analysis, 2018) Specificity




Post-traumatic epilepsy case study
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Data: T1 MRI of traumatic brain injury (TBI) patients who developed seizures and seizure-free TBI patient. Data
come from The Epilepsy Bioinformatics Study for Antiepileptogenic Therapy (EpiBioS4Rx) .
Goal: Identify relevant biomarkers of epileptogenesis after traumatic brain injury (TBI).

0.60+0.02 0.54+0.03 0.67 +0.03 0.62+0.03 Regions related to the pathology have

e R R Y] 070 £0.03 0.74+0.04 066+0.04 0.75+0.02 Peenconfirmedin literature.
e AR E ) 068 £0.03 0.70£0.04 0.67+0.04 0.76 + 0.02
S QA AR AR 0.70 + 0.03 0.68 £0.04 069 +0.04 0.75 +0.02

‘“ s-‘» Q!L’k‘ . ‘  / iF 12

The best classification performances were obtained
at three scales: 1000, 3000, and 5000 voxels,
proving that the study of seizure development in
TBI patients requires multi-variate analyses since
brain lesions can have different sizes.

(M. La Rocca et al., Frontiers in Neuroscience, 2020)
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** Machine learning in combination with complex networks are excellent methods to manage,
analyze and compare multimodal data.

***These methods allows us to face different challenges in the field of neuroscience such as the
early diagnosis of different neurological diseases.

** These quantitative models developed using complex networks are suitable to be used in the
perspective of personalized medicine.
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