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ARTICLEINFO ABSTRACT

Keywords: In this paper, we provide an extensive overview of machine learning techniques applied to structural magnetic
Neuroimaging resonance imaging (MRI) data to obtain clinical classifiers. We specifically address practical problems commonly
Structural magnetic resonance imaging encountered in the literature, with the aim of helping researchers improve the application of these techniques in
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future works. Additionally, we survey how these algorithms are applied to a wide range of diseases and disorders
(e.g. Alzheimer's disease (AD), Parkinson's disease (PD), autism, multiple sclerosis, traumatic brain injury, etc.)
in order to provide a comprehensive view of the state of the art in different fields.
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Why do we use machine learning?

Diagnosis

Prognosis =) |ntervention = Prevention

Treatment decisions
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Methods

e Clinical data
» Global functioning
» Social functioning
* Role scales

e MRI data

o Gray matter volume
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Methods

e 3 models
» Clinical data model
* sMRI model
 Combined model

e Models vs Expert raters

e Transferability

16



Methods

- MRI scanning

PRONIA Site | Model Field Coil Flip TR TE Voxel Size FOV Slice
Strength | Channels | Angle | [ms] [ms] [mm] Number
Munich Philips Ingenia 3T 32 8 9.5 5.5 0.97 x 0.97 x 250 x 250 190
1.0
Milan Philips Achieva 1.5T 8 12 Short- Short- 0.93 x 0.93 x 240 x 240 170
Niguarda Intera est est 1.0
(8.1) (3.7)
Basel SIEMENS Verio 3T 12 8 2000 3.4 1.0x1.0x1.0 256 x 256 176
Cologne Philips Achieva 3T 8 8 9.5 5.5 0.97 x 0.97 x 250 x 250 190
1.0
Birmingham Philips Achieva 3T 32 8 8.4 3.8 1.0x1.0x 1.0 288 x 288 175
Turku Philips Ingenuity | 3T 32 7 8.1 3.7 1.0x1.0x1.0 256 x 256 176
Udine Philips Achieva 3T 8 12 Short- Short- 0.93 x 0.93 x 240 x 240 170
est est 1.0
(8.1) (3.7)
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NeuroMiner (NM)

NeuroMiner Downloads

& Neurominer (Mac/Win/Linux; matlab R2016b or above)
#* Neurominer Manual
& Example Data

About NeuroMiner
Machine learning techniques are poised to become clinically useful methods that may be used for
diagnosis, prognosis, and treatment decisions. Despite this, they are currently underutilised in medical
studies and, even more in psychiatric research because most current tools require strong programming
and computational engineering skills (e.g., scikit-learn, caret, Weka, nilearn). While there are some
great tools that do not require programming experience (e.g., ¥ PRoNTo), these are often focused on
making predictions from specific data domains such as neuroimaging data. This highlights a pressing
need for user-friendly machine learning software that makes advanced methods available to clinical
researchers from dlf‘rentﬁeldsalmm' tively dlaostlc redlctlve- and ‘
prgnstlc oo s or' preC|S|on me|cme approac 'es - o S




Results

- Social functioning

Impaired social functioning group

Age J' Education & Having a parthership &
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Results

- Social functioning
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Results

- Role functioning

Impaired role functioning group
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- Role functioning
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Results

- Machine learning analysis

. Balanced Accuracy, % Balanced Accuracy, %
Clinical model 76.9 677
sMRI model 76.2 56.7

Combined model

Expert prognosis

Clinical model

Combined model

...............................................................................................................................................................................................................

Expert prognosis 59.6 57.9




Results

- Machine learning analysis :
Transdiagnostic generalizability

Balanced Accuracy, % Balanced Accuracy, %
Clinical model 70.1 065.1
“““““““““““
“““““““
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Results

- Machine learning analysis : Clinical data model

A | Social functioning in patients B | Role functioning in patients C | Social functioning in patients
in CHR state in CHR state with ROD

Role Functioning, Current

Social Functioning, Current

Role Functioning, Highest in Past Year
Social Functioning, Highest in Past Year

Role Functioning, Lowest in Past Year

Social Functioning, Lowest in Past Year

Role Functioning, Highest, Lifetime

Social Functioning, Highest, Lifetime

0 0.5 1.0 0 0.5 1.0 0 0.5 1.0
Feature Selection Probability Feature Selection Probability Feature Selection Probability
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Results

- Machine learning analysis : sMRI model

B Misclassification vs. Image quality analysis
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Results

- Machine learning analysis : sMRI model

E] Clinically high-risk state group Recent-onset depression group

Impaired = Good
Good — Impaired

Cross-Validation Ratio

{ - Salience network
: = Language-associated system
@ Q 2, Q = Default-mode network

", 1 = Central executive network

::.’ - Extended prefrontal, insular,
i lateral temporal GMV

i = Reduction in medial temporal
! lobe, dorsal anterior cingulate



Results

- Transdiagnostic Prognostic Generalization

Study

TP TN FP FN Sens  Spec BAC PPV NPV PSI AUC Pperm
group

Modality

Models trained to predict impaired (<7) vs. good (>7) GF:S outcomes at follow-up

Generalization to the prediction of transition to psychosis

Clinical classifiers |  CHR 58 50 6 250 337 334 .33 90.6 -5.5 0.39 0.910 |
'MRIcIasuflrs' - CHR | 8 49 0100 454 727 119 100 119 073 0014
[CombBIed CTass i T R R TS A5 B30 g8 o Bh g 20 054 02381
ers

Imclclassnflers [ cHR [ 13 52 36

Generallzatuon to thepredlctuon of symptomatlc depressnon

Clinical classifiers . . .

sMRI classifiers CHR 9 38 50 4 69 2 43 2 56.2 15.3 90 5 5.73 0.63 0.195
sMRI classifiers ROD 15 40 35 10 60.0 53.3 56.7 30.0 80.0 10.0 0.56 0.243
Combined classifi- CHR 12 43 45 1 92.3 48.9 70.6 21.1 97.7 18.8 0.75 0.032
ers

Combined classifi- ROD 17 34 41 8 68.0 45.3 56.7 29.3 81.0 10.3 0.57 0.243
ers

Generalization to the prediction of having at least 1 DSM-IV-TR diagnosis at the T1 examination (mood, anxiety, substance abuse disor-
ders)

'Cllnlcalclassrlfl‘ers 25 47 6 807 65.7 732" 51.0 88.5 ‘395 077 o"oz7
WO T e T R - (o] R KBRS/ SRR - Sty C-unint - A /o Mt o e 3 o Ay’ o S 3 I - o iy 03 - a1
sMRI classifiers CHR 22 33 37 9 710 471 591 373 786 159  0.65 0.138
sMRI classifiers ROD 19 32 31 18 514 50.8 511 380 640 2.0 0.50 0.425
Combined classifi- CHR 25 38 32 6 8.7 543 675 439 864 302 0.72 0.054
ers

Combined classifi- ROD 24 29 34 13 649 460 554 414 691 104  0.53 0.243
ers
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Conclusion

« Combined model outperforms in most cases

« Machine learning can be used for the prediction and
prevention of social functioning impairments
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Further study..

e |nclusion of environmental and clinical variables
 Add value of different data combinations

 More diverse patient populations

30
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Sequential forward search

Empty feature set

1. Start with the empty set Y, = {0}

2. Select the next best feature x* = arg max J (Y3 + x)
XEYk

3.Update Vo =Y, +xtH k=k +1
4. Goto 2

Full feature set

Sequential backward search

Empty feature set

1. Start with the full set Yy, = X

2. Remove the worst feature x~ = arg max J (Y}, — x)
XEY g

3.Update Yy, 1 =Y, —x7; k=k+1
4. Goto 2

Full feature set



