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Abstract

Purpose Schizophrenia is a debilitating psychiatric disorder characterized by an
abnormal dopamine production. Right now, there is a lack of quantifiable
biomarkers applied in its diagnosis and no way other than empirically to
determine the patient's response to standard antipsychotic treatment. Radiomics
is an image analysis technique which allows to analyze patterns not recognizable
by the human eye, that may be of help for the creation of more reliable
biomarkers.

Methods Radiomics features were extracted from '8F-DOPA PET scans of the
striatal area and compared between patients and controls first, responders to
standard treatment and non-responders second. The dataset consisted in 141
healthy controls and 137 patients (71 responders, 64 non-responders). Features
were extracted from the SUVr signal using MIRP. Reproducibility analysis was
conducted on separate test-retest scans and an ICC = 0.80 was applied as a
threshold on the computed features. The remaining features were grouped using
hierarchical clustering based on Spearman correlation. ANOVA testing was
conducted on the two groups.

Results 15 features were selected. Linear regression showed an influence of
gender and age on most features in patients. No difference was found between
patients and controls. 10 features were significantly different between
responders and non-responders. The feature with the highest area under the
curve was the joint maximum (AUC = 0.66). Stepwise logistic regression did
not show any improved performance using the combined features.

Discussion This study seems to confirm the influence of gender and age on the
development of the disease. No difference was found between controls and
patients, but patients came from a dataset too heterogenous. The differences
between responders and non-responders seem to highlight that in responders the
dopamine production is higher and creates a more irregular signal. Joint
maximum was able to differentiate between responders and non-responders
better than the SUVr mean, which is what is currently used in clinical practice.

Validation on an independent cohort and the use of more complex classification
algorithms may improve the results.

Conclusion Radiomics features may be a support for the creation of a biomarker
able to predict treatment response in psychotic patients.






Chapter 1

Introduction

1.1 Schizophrenia

Schizophrenia is a debilitating psychiatric disorder which affects
approximately 1% of the global population. More than 50% of the diagnosed
individuals present intermittent but long-term psychiatric problems, and around
20% of them are affected by chronic symptoms. [1] The severity of these
symptoms often causes issues related to the independence of patients and the
way they interact with the social environment: as a result, around 25% of patients
suffer from clinical depression, substance abuse and have a higher risk of
suicide. [2]

The disease is related to a broad number of symptoms which present themselves
in different ways in each individual, but can essentially be divided into three
categories: positive symptoms, negative symptoms and cognitive
impairment.

Positive symptoms are also common to every form of psychosis and include
delusions, hallucinations and disorganized thoughts and speech. They tend
to relapse and remit, while the other types of symptoms are usually chronic.
[3]

Negative symptoms are characterized by the lack of normal emotional
responses and thought processes: they include forms of apathy and
diminished verbal and non-verbal expression. [3]

The cognitive impairment affects multiple domains (executive function,

attention/vigilance, working memory, verbal fluency, visuospatial skills,
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processing speed, and social cognition) and appears in nearly four out of five
individuals who suffer from schizophrenia. [4]

The disease is equally present in men and women, although usually the onset
appears later in the female population: the first episode of psychosis usually
happens between the late teens and the early twenties in men, and around the
mid-twenties and early thirties in women. [5] The onset can be sudden without
any previous episode, although it is common to observe a prodromal stage in
around 75% of the patients, during which the first symptoms develop and
dysfunctions in cognitive abilities or social withdrawals may be observed. [6]
Right now, there is no certainty regarding the causes of the development of this
disease. Many studies have found a genetic disposition in patients affected by
schizophrenia, [7] however a specific gene related to the disease does not seem
to exist, and it is more likely that more genetic loci, each one with a small effect,
determine the risk that the individual will develop schizophrenia. [8]

While genetic disposition plays a role, it has also been observed that the presence
of specific environmental factors during several stages of the individual’s
development has an influence on the possibility of the appearance of psychotic
symptoms. These factors have cumulative/additive effects, which makes it likely
that schizophrenia is a product of the interaction of the genetic factors and
environmental ones. [7] Several studies have been conducted during this phase,
searching for proper biomarkers from different points of view (structural and
functional brain imaging, cerebrospinal fluid and blood analysis): the results
seem to indicate that, while there are some promising findings, complex
multimodal models which integrate different kinds of information are needed to
properly understand this stage. [9]

The underlying mechanisms of the disease are unknown, and right now there are
no anatomical or functional alterations in the brain which have been observed in
subjects with schizophrenia only. [10]

At the moment, the prominent hypotheses are related to the dopaminergic and
glutamatergic dysfunction which have been consistently observed in
schizophrenic patients, [11] [12] [13] although the exact correlation between

these abnormalities and the presence of symptoms is not well understood.



1.2 The dopamine hypothesis

Dopamine is a neurotransmitter involved in several brain pathways, playing a
role in motor control, motivation, reward, cognitive function, maternal, and
reproductive behaviors. [14] Its structure is depicted in Figure 1.1.

It has been repeatedly observed that presynaptic dopamine synthesis and release
is altered in patients with schizophrenia, especially in the striatum. [10]

This was firstly hypothesized after observing that administering compounds
which increase the extracellular concentrations of dopamine creates symptoms
similar to those observed in schizophrenia. [15] Additionally, drugs which
reduce dopamine levels show a reduction of psychotic symptoms, [16] [17] and
a connection exists between their clinical effectiveness and the affinity with
dopamine receptors. [18] [19]

Both post-mortem and in vivo studies have identified abnormalities in the
presynaptic and post-synaptic system in patients with schizophrenia, [20] with a
focus on D2 receptors, which are the main targets of antipsychotic drugs.

The link between the dopamine alteration and the psychotic symptoms however
is not perfectly clear, and different theories have been proposed. [21]

Since it has been observed that midbrain dopamine neurons are activated by
unexpected salient events, the dopamine alterations present in the brain may
cause an attribution of importance to irrelevant stimuli, causing the onset of
psychosis. [22]

Additionally, the striatum works as an integrative hub which works as a
moderator between the limbic and motor regions [23]: the aberrant dopamine
signaling may create a noise which is the cause of the impairments observed in
schizophrenia by disrupting the integration of cortical inputs. [20] [24]

The striatum is also involved in pathways related to motor signals responsible
for making the individual understand that a specific motor act is self-authored
and not caused by an external agent [25] (called efference copies), and dopamine
alterations may disrupt those signals and contribute to the feeling of passivity
reported by schizophrenic patients. [20]

There are also studies which suggest that increased striatal dopamine signaling
leads to negative symptoms, which may be related to impaired reward-based

learning. [26] [27]
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Figure 1.1: Dopamine structure

It must however be noted that the abnormalities observed in the dopamine
system are not able to fully explain the symptoms observed in patients, and a
direction of causality has not been determined yet. One of the main limitations
to this hypothesis is the response to currently available antipsychotics: while it
is true that their administration is generally followed by a decrease in the
psychotic symptoms, around one third of patients does not respond to this
medication [28] and need to turn to clozapine treatment, which is a stronger
antipsychotic with significant side effects.

It appears that patients not responding to standard antipsychotic medications
show a significantly lower dopamine synthesis capacity compared to responders,
[29] which may indicate the existence of sub-types of schizophrenia which

happen with different modalities.

1.3 BF-DOPA

1-6-['8F]fluoro-3,4-dihydroxyphenylalanine is a radiotracer used in combination
to PET imaging to quantify the dopaminergic presynaptic function. It is labelled
with the isotope fluorine-18 ("8F) and has a half-life of 110 minutes. [30] The
compound is actively transported through the blood-brain barrier, after entering
the cells the aromatic amino acid decarboxylase enzyme (AADC) transforms -

DOPA into dopamine, which is stored in presynaptic vesicles and is then
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Figure 1.2: '8IF-DOPA structure [35]

released during neurotransmission. [31]

Its structure is depicted in Figure 1.2.

FDOPA has previously shown potential to be used as a biomarker to differentiate
between schizophrenic patients and healthy subjects, [32] as well as between
responders and non-responders to antipsychotic treatment. [33]

Furthermore, the compound produces a signal that has shown high test-retest
reproducibility, especially regarding the striatal area, [34] which makes it a

perfect tool to investigate dopaminergic signaling in schizophrenia.

1.4 Radiomics

Radiomics is an image analysis technique which extracts quantitative features
from diagnostic measures. Radiomics features can describe imaging patterns
relative to tissue properties that may be difficult to notice by human eye alone.
These features are related to the intensity of the voxels in an image, with a focus
on the roughness of the texture and the heterogeneity of the signal.

Official guidelines for radiomics feature extraction have been defined by the
Image Biomarker Standardization Initiative (IBSI), [36] which has defined 11

feature classes for a total of 169 features, along with digital phantoms to assess



the accuracy of the software used for feature extraction. [37]

To get a general idea, radiomics features can be divided in histogram-based,
texture-based, shape-based, transform-based and model-based. [38]
Histogram-based features are derived from the intensity histogram of the image
and based on the single voxels, while texture-based features caption specific
relationships between voxels, reflecting the eventual presence of spatial patterns
or the uniformity of the texture.

Shape-based features describe the geometrical aspects of the region of interest,
while the last two categories are currently still being defined by IBSI and are of
no interest for this study.

Radiomics can be applied to several imaging modalities, both in 2D and 3D, and
may be used to capture tissue and lesion properties, making it of particular
interest in oncology. [38] This is because these features better allow to capture
the heterogeneity in a specific area, which in the case of tumors has been proved
to be linked to survival rates, [39] and offer a wider view compared to a biopsy,
which focuses only on a selected portion of cells.

Usually, a large number of features is extracted and then machine learning
techniques are applied: radiomics data are mineable, making them optimal to
discover unknown markers and patterns in a disease. [38]

In fact, it has been shown that radiomics is capable to successfully predict

clinical endpoints, [40] response to treatment, [41] tumor staging. [42]

1.5 Purpose of the study

The need for objective, quantifiable biomarkers capable of providing biological
insight into the pathophysiology of schizophrenia is evident and urgent.
Furthermore, currently in clinical practice there is no way to determine if a
patient will respond to standard antipsychotics other than empirically, which
leads to long delays before the patient is able to undergo clozapine treatment.
[43]

This study aims to apply radiomics tools to a dataset of FDOPA PET imaging to
investigate brain alterations of dopamine synthesis capacity in patients with
schizophrenia.

By combining the specificity of FDOPA PET signal to dopamine system and the
8



ability of radiomics to unveil imaging patterns not recognizable by the human
eye, we hypothesized that radiomics features may highlight new aspects of this
disease and be used as a tool for classification.

Specifically, we will investigate to which degree FDOPA PET radiomics is
capable of identifying significant differences between patients and controls.
Moreover, we will evaluate whether FDOPA PET radiomics may be a useful
tool in the prediction of the patient’s response to antipsychotics.

Due to its high signal uptake and interlink with the disease, striatum is chosen
as the main region of interest for radiomics analysis.

Interestingly, while some radiomics studies have been conducted on
schizophrenia, [44] [45] none of them focused on dopamine synthesis nor on the
striatum: given the small amount of research currently available, additional
investigation may be able to highlight previously unknown aspects of this
disease and determine whether this may be a promising direction in medical

research.
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Chapter 2

Methods

2.1 Dataset

Data used for this study came from the institutional FDOPA PET data repository
available at the Institute of Psychiatry Psychology and Neuroscience (IoPPN) at
King’s College London. [46] A total of six studies were used, collected from
three scanning sites and five different scanners.

A total of 278 scans were available for the study, composed of 141 healthy
controls (82 males and 59 females, age 28.47 + 7.81 years) and 136 patients (99
males and 37 females, age 32.07 £ 10.79 years). Among the patients, 72 were
classified as responders to standard antipsychotic treatment and 64 were non-
responders or treatment resistant.

Clinical scores (PANSS positive, negative, general and total) were available for
only a subset of patients.

Informed written consent was obtained for all the participants and the studies
were conducted following the Declaration of Helsinki and Good Clinical
Practice. All the research protocols for data acquisitions were approved by local
ethics committees and institutional revision boards.

A summary of the available information is reported in Table 2.1, while full
details about study design and participant inclusion and exclusion criteria are

reported in the original reference.
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Number Responders Clinical
Dataset of Patients / Non Scanner Site B
variables
controls responders
KCL11102x 61 Fixstepisode 13/12 Hi-Rez Biograph 6 CT44391 Invicro Yes
patients
STRATA (1+2) n.a. Mixed 34/28 Hi-Rez Biograph 6 CT44391 + unkown | Invicro Yes
SKOx (1+2) 26 Chronic 12/12 Biograph 40 Truepoint SK No
IMANETO04 12 Chronic 12/12 unknown Imanet No
KCL11 Ixxx 36 n.a n.a Biograph TruePoint 6 CT45544 Invicro n.a
BEABET » 7 na na ECAT EXACT3D Imanet |  na.
Eagerton

Table 2.1: datasets used for the study

2.2 Data acquisition

Data were all acquired with the same experimental protocol and processed with
the same analysis pipeline. [46]

All FDOPA PET imaging sessions were acquired with a continuous dynamic
acquisition (no blood sampling), with scanning beginning with the tracer
injection and lasting for 90-95 minutes. All participants received carbidopa (150
mg) and entacapone (400 mg) orally ~1 hour before imaging. The FDOPA tracer
(injected dose ranging from 86.4 to 4144 MBq) was administered by
intravenous bolus injection after the acquisition of a brain CT or MRI for
attenuation correction, depending on the scanner availability at each imaging
site. PET data reconstruction varied across imaging sites and scanner types, but

all included correction for random noise, scatter, and tissue attenuation.

2.3 Data processing

The analysis of FDOPA PET imaging data was performed using an automated
analysis pipeline written in Python and integrated in XNAT and it can be

described as follows. First, dynamically non-attenuated and attenuated FDOPA
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PET images are inputted into the pipeline.

The non-attenuated dynamic images are motion corrected frame-to-frame to a
single reference frame with a linear transformation using Statistical Parametric
Mapping (SPM) realign function. [47] The motion information is then used to
realign the attenuated dynamic images, which are then summed together to
create a motion-corrected individual static PET image. A tracer-specific
template and atlas defining the striatum and cerebellum are co-registered to each
individual ~ motion-correct static PET image, using SPM 12
(https://www.fil.ion.ucl.ac.uk/spm/). Two parameters of interest are derived
from image quantification as index of dopamine synthesis capacity. From
dynamic imaging, Ki (unit 1/min) is computed using the Gjedde-Patlak graphical
approach [48] [49] both region-wise and voxel-wise, with the cerebellum used
as the reference region.

The Standardized Uptake Value Ratio (SUVr) at 60 minutes is also calculated
as the ratio of the tracer activity to that in the cerebellum.

After this process, two subjects were removed from the study as the quality of

the scans was not high enough due to the presence of motion artifacts.

2.4 Feature extraction

The volume of interest (VOI) target of radiomics analysis was defined on the
dynamic scans using Python. The image segmentation was based on Ki estimates
since population statistics over a larger number of subjects was previously
available. [50] This permitted to determine a threshold for the VOI segmentation
under which the signal in the voxels was not significant due to the presence of
motion artifacts.

The striatal mask was derived for each subject from the Martinez atlas
(previously co-registered in subject space), [51] two binary dilations were
performed and voxels with a signal under 0.007 min™! were removed.

The radiomics analysis was performed on the static scans using the SUVr
parametric maps.

Radiomics features were extracted using the MIRP Python package, [52] which

is IBSI compliant. [53] They were computed over the whole striatal area (both
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left and right hemispheres combined), therefore not taking into consideration
any possible laterality of the signal.

Prior to the feature computation, each scan was re-segmented using a threshold
of 1.50, which was estimated as a lower bound for the SUVTr signal in the region
of interest after visual inspection of the signal’s distribution. This was done so
that it would be possible to discretize the images with the fixed bin size method,
which is usually recommended for the SUVr signal since it maintains the
relationship with the original intensity scale. [37] A fixed bin size of 0.0125 was
set.

Features were computed with the 3D average aggregation method. A total of 172

radiomics features were obtained.

2.5 Feature selection

A sample of 7 controls and 7 patients from two independent studies was selected
to conduct a reliability analysis of the features with the purpose to select the most
reproducible ones for studies regarding the striatal FDOPA PET signal. [54]
Test-retest scans were available for each subject.

As reproducibility index, the intraclass correlation coefficient (ICC) index [55]

was computed separately both for controls and patients, following the formula

BMS — EMS
BMS + (k — DEMS

Icc(31) =

where BMS and EMS are the subject and error sum of squares respectively and
k is the number of repeated sessions.

Only reproducible radiomics features with an ICC > 0.80 for both patients and
controls were retained for the rest of the study.

Moreover, radiomics features are known to often bring redundancy in
information and to generally be highly correlated. [56] This is due to the fact

that many features describe the same aspect from different points of views and

14



are often equivalent from a mathematical perspective.

Dimensionality was reduced through hierarchical clustering based on Spearman
correlation. [57] Clusters were created in order to group together features which
had an absolute correlation coefficient p of at least 0.90.

From each cluster, the feature with the highest ICC was selected. Since two ICC
indexes were available for each feature (the patients and the controls one), the
lowest between the two of them was assigned to each feature and then the

selection was performed on those values.

2.6 Feature harmonization

Harmonization to correct for batch effects was applied directly to the selected
features. [58]

Combat is a statistical approach which assumes the presence of site-specific shift
and scaling factors, which are estimated using empirical Bayes. [59] It is
possible to preserve the contribution of specific biological covariates to the data,
which need to be identified priorly to the harmonization step. [60]

For this study the NeuroCombat function from the NeuroCombat python library
version 0.2.10+ (https://github.com/Jfortinl/neuroCombat) was employed.

Harmonization was performed separately for controls and patients, using the
same reference scanner.

The effects of age and sex as covariates were preserved.

Comparison of the distribution of the complexity feature across scanners before

and after harmonization is depicted in Figure 2.1.
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Figure 2.1: Complexity feature in the different scanners before and after harmonization in

controls group

2.7 Statistical analysis

All statistical tests were performed in Matlab.

Groups were compared with the X? test for categorical variables and the
Wilcoxon test for continuous variables.

Regression analysis was performed in order to evaluate the influence of
biological variables on the computed features.

Statistical differences between the features in patients and controls were
evaluated with the ANOVA test, taking into consideration gender and age effect
and corrected according to the False Discovery Rate (FDR) method. Area under
the curve (AUC) was computed for all the features which resulted significantly
different to analyze their performance.

The same statistical analysis was done to evaluate differences between

responders and non-responders.
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Chapter 3

Results

3.1 Feature selection

A total of 146 features survived the reproducibility selection in the patients’
group, while 85 features survived in the controls. Only features with an ICC >
0.80 in both groups were further considered. In the end, 81 features out of 172
resulted reproducible in both groups.

These features were hence grouped in clusters based on the Spearman correlation
index.

This resulted in 15 clusters, from each one of them the feature with the highest
ICC was selected.

The features selected are reported in Table 3.1 along with their physiological

meaning.
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Feature class

Feature

Meaning

Intensity-based
statistical features

Intensity-based quartile
coefficient of dispersion

Measure of the dispersion of grey levels

Median absolute deviation

Measure of the dispersion from the sample median

Nelghl:)ourhood grey : Quantification of the non-uniformity of the texture
tone difference based Complexity A :
f and rapid changes in grey levels
eatures
Morphological : Ratio of the major and minor principal axis lengths
features PR Sleogitm (eccentricity of the ROI)
Diameter Distance between the two most distant vertices
PCA flatness Ratio of the major and ]ea_st ax15.lengths (flatness of
the volume relative to its length)
PCA major axis length Length of the major axis associated with the

highest eigenvalue

Grey level size zone
based features

Zone size entropy

Quantity of information contained in a matrix
where the element s;; = the number of zones with
grey level i and size j

Grey level
co-occurrence based
features

Joint maximum

Most common grey level co-occurence

Contrast

Measure of grey level variations

Energy

Energy of the probability distribution of grey level
co-occurences

Grey level distance
zone based features

Zone distance non uniformity

Measure of the distribution of the number of zones
over the different distances

Intensity histogram
features

Median

Median value of the histogram

Grey level run length
based features

Run lenght non-uniformity

Distribution of runs over the run lengths

Neighbouring grey
level dependence
based features

Low dependence low grey level
emphasis

Emphasis on the number of groups with a low
number of voxels centered on a low grey level
voxel

Table 3.1: Reproducible features selected for each cluster: definition and meaning
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3.2 Controls — patients comparison

Study population

Outliers were identified by applying a threshold of mean £3 ¢ to each radiomics
feature by considering the full data sample. Two subjects were found to be
outliers in more than three features and were therefore removed from the study.
The remaining subjects were 273, 138 controls and 135 patients. The two groups
were unmatched both in terms of gender ()° test, p = 0.011) and age (Wilcoxon
rank sum test, p = 0.013).

A summary of the demographic of the dataset, along with the results of the

statistical analyses, is available in table 3.2.

Controls Patients p-value
Gender (male/female) 80/58 98/37 0.011
Age 285+7.9 32.0+ 10.8 0.013
Total 138 135

Table 3.2: gender and age distribution in controls and patients, along with the p-values

obtained after ¥> and Wilcoxon testing

Linear regression analysis

A linear regression model using gender and age was computed for each feature
to check for the eventual influence of the two covariates.

In the controls group, 4 features (the morphological ones) were significantly
related to gender and 2 related to age. In the patients, 12 features were
significantly influenced by gender, and 6 by age.

The significant p-values of the regression analysis, after being adjusted
according to FDR correction, are reported in table 3.3. An example is reported
in Figure 2.1, where the complexity feature is plotted against age in controls and
patients and a regression line is plotted for each gender.
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Figure 3.1: Complexity feature plotted against age in controls and patients. A regression line is

plotted for males (blue) and women (red)

Controls Patients
Feature Gender Age Gender  Age
Coefficient of dispersion
Complexity <0.001  0.032
PCA elongation 0.036 <0.001
Diameter <0.001 0.048 <0.001
Zone size entropy <0.001
Joint maximum 0.026
Zone distance non uniformity <0.001  0.004
Median <0.001
Run lenght non uniformity 0.011 0.009
Median absolute deviation 0.011
Contrast 0.038 <0.001 0.003
PCA flatness <0.001 0.012
PCA major axis <0.001 <0.001
Low dependence low grey level emphasis <0.001
Energy 0.012

Table 3.3: significant adjusted p-values of the linear regression model accounting for gender

and age for each feature

20



ANOVA analysis

ANOVA testing was performed on radiomics features to test for differences
between patients and controls. Given the association of gender and age with
radiomics features, they were included as covariates. After FDR correction, no
features were found to significantly differentiate between the two groups.
There were differences related to gender in 7 features, and differences related
to age in 5 features.

The resulting adjusted p-values are reported in Table 3.4

Feature Group Gender Age
Coefficient of dispersion

Complexity 0.014

PCA elongation 0.022 0.008
Diameter <0.001

Zone size entropy

Joint maximum

Zone distance non uniformity 0.008 0.002
Median

Run lenght non uniformity 0.002
Median absolute deviation

Contrast 0.022 0.011
PCA flatness <0.001 0.014
PCA major axis <0.001

Low dependence low grey level emphasis

Energy

Table 3.4: significant adjusted p-values after ANOVA comparison between controls and

patients, taking into account gender and age

Within studies comparison

Given the observed heterogeneity between the different studies which composed
the data used for this study, a separate ANOVA analysis has been conducted on
each dataset separately. Three out of six studies employed both controls and
patients, their demographics can be observed in table 3.5.

ANOVA was performed adding gender and age as covariates, but no significant

difference was found.
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Gender (male/female) Age

Study Controls Patients p-value Controls Patients p-value
FDOPAO1 (KCL11102x) 32/26 21/4 0.039 26.5+/-56 26.2+/-4.4 1

FDOPAO2 (SK) 16/10 17/7 0.976 26.2+/-72 31.8+/-94 0.0387
FDOPAO3 (IMANET) 5/7 10/14 1 43.5 +/- 8.3 45.0 +/-10.2 0.9936

Table 3.5: age and gender of patients and controls in the three different studies used, along with the

p-values obtained from the > and Wilcoxon test

3.3 Responders — non-responders comparison

Study population

The patients group was further divided into one group composed of responders
to standard antipsychotic treatment (71 subjects) and one composed of non-
responders or treatment resistant patients (64 subjects). The two groups resulted
matched both in gender (p = 0.480) and age (p = 0.281) after x> and Wilcoxon
testing.

Group’s demographics, along with the results of statistical analyses, are reported

in Table 3.7.

lResponders Non Responders p-value

Gender (male/female) 39/32 39/25 0.480
Age 31.5% 11.2 32.6 + 10.5 0.281
Total 71 64

Table 3.7: gender and age distribution in responders and non-responders, along with the p-

values obtained after ¥> and Wilcoxon testing
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Correlation with clinical symptoms

PANSS score values (positive, negative, general psychopathology, total score)
were available for 62 patients. Multilinear regression was performed to evaluate
if there was an influence of the overall symptoms on the radiomics features, but
no significant values were found. Linear regression was also performed

separately for each PANSS index, but again no significant correlation was found.

ANOVA analysis

A total of 10 features resulted significantly different between the two groups
after FDR correction. Differences due to gender and age were present in a large
amount of features (13 and 6 respectively). Significant adjusted p-values are

reported in table 3.8. The distribution of the 10 features is plotted in Figure 3.2.

Feature Group Gender Age
Coefficient of dispersion 0.004 0.048
Complexity <0.001 0.030
PCA elongation 0.049 0.002
Diameter <0.001
Zone size entropy 0.021 0.001
Joint maximum 0.003 0.021
Zone distance non uniformity 0.017 <0.001 0.009
Median 0.021 <0.001
Run lenght non uniformity 0.027 0.014 0.017
Median absolute deviation 0.014 0.002
Contrast 0.049 <0.001 0.004
PCA flatness 0.021
PCA major axis <0.001
Low dependence low grey level emphasis 0.002
Energy 0.014 0.014

Table 3.8: significant adjusted p-values after ANOVA testing between responders and non-

responders
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Figure 3.2: distribution of the features which resulted significantly different between

responders and non-responders
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Area under the curve performance

The p-values from ANOVA tests and AUC observed for each significant feature
are reported in Table 3.9. The feature with the highest value was the joint
maximum, with an AUC = 0.66, which is higher than the one from SUVr mean
(AUC =0.61). The two ROC curves are plotted in Figure 3.3. The other features

had similar values.

Feature p-value AUC
Coefficient of dispersion 0.004 0.656
PCA elongation 0.049 0.623
Zonme size entropy 0.021 0.616
Joint maximum 0.003 0.661
Zome distance non uniformity  0.017  0.601
Median 0.021 0.625
Run lenght non uniformity 0.027 0.607
Median absolute deviation 0.014 0.628
Contrast 0.049 0.576
Energy 0.014 0.623

Table 3.9: p-value of ANOVA test and area under the curve for each significant feature

Stepwise logistic regression

An additional stepwise logistic regression was performed using all the
significant features to see if their combined performance may improve the
results. Only the joint maximum was the one which was found to add significant

value to the regression model, with p < 0.001.
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Figure 3.3: comparison of ROC curve performance of SUVr mean and joint maximum in

differentiating between responders and non-responders

Within studies comparison

Given the observed heterogeneity between the different datasets used, a separate
ANOVA analysis has been conducted within each one of them. Four out of six
datasets contained psychotic subjects. In each study, responders and non-
responders were matched both in gender and age. The demographics for each
dataset are reported in Table 3.10.

The significant adjusted p-values are reported in Table 3.11.

Except for FDOPAO4, a large number of radiomics features were shown to be
significantly different between the two groups. They were generally the same
features which were shown to differentiate between the two groups on the

ANOVA analysis of the whole dataset.
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Gender (male/female) Age

Study Responders Non responders p-value Responders Non responders p-value
FDOPAO1 (KCL1102x) 10/3 11/1 0.315 24.9 +/- 3.0 27.6 +/-5.4 0.249
FDOPAO2 (SK) 8/4 9/3 0.653 32.3 +/-10.8 31.3 +/-8.1 0.885
FDOPAO03 (IMANET) 6/6 4/8 0.408 44.0 +/- 11.9 46.1 +/- 10.2 0.643
FDOPAO4 (STRATA) 277 23/5 0.786 29.4 +/-9.8 29.5 +/- 8.6 0.655

Table 3.10: gender and age distribution of responders and non-responders cohorts in each

study, along with the p-values obtained after statistical comparison
Feature FDOPAO1 FDOPA02 FDOPAO3 FDOPA0O4
(KCL11102z) (SK) (IMANET) (STRATA)

Coefficient of dispersion 0.007 0.040 0.007

Complexity 0.044 0.010

PCA elongation 0.019

Diameter

Zone size entropy 0.045 0.003

Joint maximum 0.007 0.038 0.002

Zone distance non uniformity 0.018 0.020

Median 0.045 0.005

Run lenght non uniformity 0.007 0.005

Median absolute deviation 0.018 0.045 0.005

Contrast 0.014

PCA flatness 0.003

PCA major axis 0.040

Low dependence low grey level emphasis 0.007

Energy 0.018 0.045 0.003

Table 3.11: adjusted p-values after ANOVA testing within the different datasets between

responders and non-responders groups
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Chapter 4

Discussion

This study extracted radiomics features from FDOPA PET scans of the striatal
area in schizophrenic patients and healthy controls. While no consistent
differences were found between patients and healthy controls, ten out of the
fifteen most reproducible features resulted significantly different between
patients responding to standard treatment and non-responders. In particular, the
joint maximum was the feature which showed the highest classification
accuracy, indicating that values related to striatal dopamine production are

informative for prediction of treatment response in psychosis.

Covariates analysis

Our covariate analysis of radiomics features showed that gender and age were
associated with data obtained from patients, much less with controls.

In controls, gender turned out to be related only to the morphological features,
which describe the geometrical properties of the region of interest, in this case
the striatum.

This might be explained by anatomical properties of the area, as the striatum
tends to be smaller in women. [61] A minor influence of age was observed, as it
resulted significant in only two features, but it is not enough to argue that it has
a significant influence on dopamine signaling.

There was a bit of uncertainty whether to include morphological features in the
cross-sectional analysis: many of these measures are related to the sphericity of
the region of interest, which are directly linked to the aggressiveness of the
tumor, but of little importance when measuring the striatum.

It does however seem that some changes in the morphology of this area appear
in schizophrenic patients. While there are different opinions regarding the
presence of a volume difference in patients compared to controls, [62] [63]

changes in shape do exist [64] and may also be influenced by the assumption of
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medication. [65] While it is not certain that morphological features may be able
to capture these variations in a significant way, there was no reason to exclude
them from this analysis.

Furthermore, the region of interest was extracted using the FDOPA PET signal,
which quantifies dopamine production. While the production is concentrated in
the striatal area, it may be more or less extended depending on the presence of
the disease. It must also be noted that the selected morphological features do not
penalize the information that may have been otherwise brought by other features,
since features were selected through clustering based on correlation.

The situation is different in patients, where a large group of features was
influenced both by gender and age. There currently is some evidence that gender
causes differences in cognitive functions and neuroanatomy in patients with
schizophrenia, but the findings are not consistent enough. [66] [67] It is however
known for certainty that the age at which the first psychotic symptoms appear
varies between men and women [64], and these findings seem to support the
hypothesis that it has an influence on other aspects of the disease as well.
Among the morphological features, two do no result significantly different in
the patients group, which was expected given the results in the controls. They
are features which quantify the eccentricity and the flatness of the ROI, which
are therefore not directly linked to its volume, so this may be why they did not
show any gender-based difference, or it may be due to sample bias.

Age has been shown to be related to cognitive changes in schizophrenic patients
different than those observed in a healthy population, [68] so it may influence
other aspects of the disease as well.

These findings seem to confirm that both these factors play a role in the
development of schizophrenia, and possibly in the abnormalities observed in

dopamine production.

Cross-sectional analysis

ANOVA testing showed that there were differences in the radiomics features
between patients and controls which were due to gender and age, but none of
them was able to differentiate between the two groups.

No literature exists right now to compare these results to, since none of the
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radiomics studies on schizophrenia focused on PET imaging related to dopamine
production.

These results may be partially explained by the fact that there was a lot of
heterogeneity between the patients enrolled for this study: data came from
several datasets, which were composed of subjects at different stages of the
treatment and the development of the disease. Treatment does influence the
dopamine production, since the D> occupancy increases after antipsychotic
assumption, [69] and may therefore cause too much variation among the signal
measured from patients.

The study may benefit by focusing on a more clinically homogeneous group,
ideally unmedicated.

For this reason, an additional ANOVA analysis was conducted separately on
each dataset, with however poor results: no difference due to group, gender or
age was found. This may be a further indicator that the differences previously
found were only related to the heterogeneity of the datasets, but it must also be
taken into consideration that few subjects (from 83 to 36) were available for each
dataset, which makes the results of inferential statistics less powered.

Except for the morphological features, the majority of the radiomics features
selected focused on the distribution of the signal in the region of interest. The
results seem to imply that, although it is known that there are abnormalities in
dopamine production in patients, there is no substantial difference in the
distribution or uniformity of the signal in one group or the other. The unexpected
result was the median, since the signal was expected to be higher in patients.

It must however be noted that usually these comparisons are made by
differentiating between responders and non-responders, as there are important
differences between the two groups that cannot be overlooked.

ANOVA testing between controls and non-responders did not reveal any
difference, which is to be expected given that dopamine production in non-
responders should be close to the normal range.

There were however differences with the responders, which did not survive FDR
correction. The number of analyzed features was particularly high and many
tests were performed, therefore further feature reduction in order to focus only
on few important aspects could give different results and highlight some of the

differences observed before FDR.
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Analysis of treatment response

In the responders — non-responders comparison, ten out of fifteen features
resulted to be significantly different between the two groups, with an influence
of gender and age always present.

From a visual inspection, it can be observed that generally responders have
higher values than non-responders. The majority of features are related to the
irregularity of the analyzed texture, which means that in responders the
distribution of the signal is more irregular and less uniform. The fact that the
median of the signal is also higher implies that in these individuals there is more
dopamine production, therefore there is more activity in the striatal area which
creates more irregularities in the patterns created by the signal.

The elongation of the region of interest is also higher. A value close to 1 reflects
a sphere-like shape, while lower values express a greater elongation in the ROI.
As previously stated, there seems to be an effect of medications on the brain’s
anatomy, but the findings are not consistent enough. It could also be argued that
this difference is caused by the increased dopaminergic activity, which may
change the extension of the area. There is however no difference in the other
morphological features.

The only two features where the non-responders had higher values were the joint
maximum and the energy, which both belong to the grey level co-occurrence
class. Features in this class are computed after creating a matrix which represents
the number of occurrences of two consecutive voxels with a set grey level in a
direction, to put it simply it reports how many times a voxel with grey level x is
followed by a voxel with grey level y. The probability to observe a certain co-
occurrence can then be extracted from the matrix, from which the energy of the
probability distribution can be computed. The joint maximum is the probability
corresponding to the most common co-occurrence observed. The fact that both
these values are higher in non-responders means that there are higher
probabilities to observe specific co-occurrences, which means that there is a
more regular pattern in the distribution of the signal. Again, this is related to the
fact that the higher activity in responders causes more heterogeneity in the
signal’s distribution.

These differences seem to carry on when analyzing each dataset separately, and

are therefore not dependent on the clinical state of the patients, except for the
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FDOPAO4 group. The group however was composed of subjects who did not
take medication as regularly as they should have.

While the features are different between the two groups, the performance of the
AUC is relatively poor.

Stepwise regression was performed to observe if the combined features may
improve the performance, but only joint maximum significantly improved the
model. This may be caused by the high correlation between the features, which
therefore brings a lot of redundancy in information. However, more complex
classification algorithms may still improve these results.

Still, joint maximum gave a better result than the SUVr mean in differentiating
between the two groups (AUC = 0.61), which is the index that right now is
mostly implemented in clinical practice. The mean of the signal was not one of
the fifteen features used for the study, but it was located in the cluster from which

the median was selected.

Limitations

This study had some limitations. As mentioned, the dataset utilized had
heterogeneity issues. Patients went from first-episode schizophrenia to chronic
situations, which may have caused some inconsistency in the findings.

The study may also improve with a major number of subjects, so that validation
of the results on an independent cohort may be possible.

We are also aware of the limitations radiomics brings. Its major issue is related
to the reproducibility of findings, since the computation of the features is heavily
dependent on many factors such as the imaging modality, the discretization
method, the segmentation. [70]

The process of feature selection was repeated on the test-retest scans with a
lower number of grey levels, but the results did not change significantly: the
majority of the selected features remained the same, and the few which changed
maintained such a high correlation index with the not-selected ones that it is safe
to assume that no information was lost. The features also had high correlation

indexes with the ones used for the study.
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Conclusion

This study showed that radiomics features highlight significant differences
between schizophrenic patients who respond to standard antipsychotic treatment
and those who do not. In particular, the joint maximum feature had the highest
performance in differentiating between the two groups, with an increase
compared to the SUVr signal mean, which is what is currently employed in
clinical studies.

Future studies on a larger dataset with more complex classification models may
highly improve the current situation. Radiomics features may be a potential
support for the creation of a biomarker to early identify responders to
antipsychotic treatment, and improve the understanding of the underlying

biology of the disease.
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