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Zusammenfassung

Bipolare Störung ist eine psychiatrische Erkrankung mit grossen Auswirkungen auf das ge-

sellschaftliche Leben der betroffenen PatientInnen, geht mit einem erhöhten Risiko für wie-

derholte Krankenhausaufenthalte und einem erhöhten Lebenszeitrisiko durch Suizidalität

einher. Verzögerungen beim Stellen der korrekten Diagnose und beim Beginn einer wirksa-

men Behandlung resultieren in schlechteren Therapieergebnissen, sind aber aufgrund des

sehr heterogenen Krankheitsbildes immer noch häufig. Techniken des maschinellen Ler-

nens können dazu beitragen, die Diagnose “Bipolare Störung” früher zu stellen und so die

Zeit vom Auftreten der ersten Symptome bis zum Beginn der Behandlung zu verkürzen.

Um diese Hypothese zu testen, wurden demografische Informationen und Ergebnisse aus

kognitiven Leistungstests von 196 PatientInnen mit Bipolarer Störung und 145 gesunden

Kontrollpersonen verwendet, um damit fünf verschiedene Algorithmen des maschinellen

Lernens zu trainieren. Die Leistung dieser Algorithmen wurde verglichen, um den für diese

Problemstellung am besten geeigneten Algorithmus zu finden. Der Algorithmus mit der be-

sten Leistung war Logistische Regression mit einem macro-average F1 Score von 0,69 [95%

CI 0,66 - 0,73]. Nach weiterer Optimierung konnte ein Modell mit einem macro-average

F1 Score von 0,75, einem micro-average F1 Score von 0,77 und einer AUROC von 0,84

trainiert werden. Auf der Grundlage dieses Modells wurde analysiert, inwieweit einzelne

Variablen zur Klassifizierung beitragen. Das Ergebnis war, dass der BMI eines/r PatientIn

und die Ergebnisse des Stroop Tests und des d2/d2-R Tests allein eine Klassifizierung mit

annähernd gleicher Genauigkeit ermöglichen.

Die Verwendung dieser Daten für eine klinische Anwendung bringt eine akzeptable Lei-

stung, ist aber noch nicht geeignet, um die Diagnosefindung durch eine/n erfahrene/n

ÄrztIn effektiv zu unterstützen. Der Schwerpunkt der weiteren Forschung sollte auf der

Identifizierung von Variablen liegen, die einen hohen Beitrag zur Klassifizierung leisten, um

so die Leistung von Modellen des maschinellen Lernens weiter zu verbessern und dadurch

in weiterer Folge die Diagnosestellung der Bipolaren Störung zu vereinfachen.

xi



Abstract

Bipolar disorder is a psychiatric disorder with a high impact on a patient’s normal soci-

etal function and is associated with an increased risk of repeated hospitalizations and an

elevated lifetime risk for suicide. Delays in the correct diagnosis and to the start of an

effective treatment are associated with poorer outcomes, but are common due to a very

heterogeneous progression of the disorder. Techniques of machine learning can be used to

aid in the diagnosis of bipolar disorder and shorten the time from the onset of symptoms

to the beginning of treatment.

To test this hypothesis, a de-identified data set of demographic information and the results

of cognitive tests of 196 patients with bipolar disorder and 145 healthy controls was used

to train and compare five different machine learning algorithms. The best performing

algorithm was Logistic Regression, with a macro-average F1 score of 0.69 [95% CI 0.66 -

0.73]. After further optimization, a model with an improved macro-average F1 score of

0.75, a micro-average F1 score of 0.77 and an AUROC of 0.84 could be built. Based on

this model, it was analyzed how much each single variable contributes to the classification,

which resulted in the finding that a patient’s BMI and results of the Stroop test and the

d2/d2-R test alone allow for a classification with equal performance.

Using this data for clinical application results in an acceptable performance, but has not

yet reached a state where it can sufficiently augment a diagnosis made by an experienced

clinician. The focus of further research should be to identify variables with a high contri-

bution to classification to further improve the performance of machine learning models in

this context and to subsequently simplify the diagnosis of bipolar disorder.

xii



Chapter 1

Introduction

1.1 Motivation

According to the results of the 2019 “Global Burden of Disease study”, bipolar disorder

has a global prevalence of 39.5 (33.0 to 46.8) cases per one million [1]. Estimates of

lifetime prevalence are approximately 3 - 4% measured in study populations from the

United States [2, 3]. A literature review in 2005 found a cumulative lifetime prevalence of

1.5 - 2% for European countries, when including bipolar spectrum disorders, the prevalence

increased up to an estimated 6% [4]. Due to a heterogeneous clinical picture and a lack

of validated tools for early recognition and diagnosis, there is a significant time span from

the onset of symptoms to the correct diagnosis and the beginning of treatment. One

study found an average delay of 8.8 years [5]. As bipolar disorder represents an enormous

burden on society and an even higher one on patients, with considerable social, professional

and health implications, early recognition and initiation of treatment of bipolar disorder

should be a major goal of any public health system. To date, there are no widely used

tools for early recognition. The recent increase in acceptance and use of machine learning

in various clinical contexts presents an opportunity to use these applications to learn more

about patterns in patients with bipolar disorder and to possibly develop diagnostic tools.

1



Chapter 1. Introduction 2

1.2 Objectives

The objective of this thesis is to develop a machine learning model to predict whether a

patient has bipolar disorder or not. The data set used for prediction is a subset of the data

set generated by the “BIPFAT” study carried out by the Department of Psychiatry and

Psychotherapeutic Medicine at the Medical University of Graz. The data used deliberately

only contains basic de-identified patient information and results of cognitive tests, which

are not specific to bipolar disorder, and does not contain any specific diagnostic scores

or results of imaging studies. The main question to be answered is, if it is possible to

accurately predict bipolar disorder based on this data. The results of this thesis should

be regarded as pilot results for this topic and as a basis for further study.

1.3 Outline

The work is structured as follows:

∙ Chapter 2 contains general information on bipolar disorder, consisting of definition,

pathogenesis and treatment options, followed by a section illustrating problems in the

diagnosis of bipolar disorder and presenting studies related to the research question

of this thesis.

∙ Chapter 3 consists of the terminology and theoretical knowledge of machine learning

that is required for understanding this thesis. The theoretical part is followed by a

description of the data set used and, finally, details the exact methodology applied

for answering the research question.

∙ Chapter 4 follows the methodology described in Chapter 3 and the results of the

performed research are presented and discussed.

∙ Chapter 5 concludes the thesis with a general discussion of the findings and tries to

contextualize them with other research. After a brief mention of possible limitations

to this study and things to consider for a possible clinical real-world application,

proposals for further research are made.



Chapter 2

Background and Related Work

2.1 Bipolar disorder

2.1.1 Classification of bipolar disorder

Diagnosis and classification of bipolar disorder is mostly done by using either the classifica-

tion defined in the WHO’s International Statistical Classification of Diseases and Related

Health Problems (ICD), currently at the 10th revision (ICD-10) with the 11th revision

(ICD-11) being released and slowly adapted into clinical practice [6], or as defined in the

Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5) [7]. Both

systems define three main categories: Bipolar I, Bipolar II and Cyclothymia, as well as

some other specialized types like substance-induced bipolar disorder [6, 7]. Both systems

define episodes of mood disorders which have to be present in a patient’s history or at

the time of examination to meet the criteria of one of these categories. In the following

section, a brief overview of the types of bipolar disorder is given based on the WHO’s

definition in the released, but not yet widely implemented ICD-11.

Bipolar type I disorder - 6A60

Type I of bipolar disorder is characterized by “the occurrence of one or more manic or

mixed episodes”. The criteria for a manic episode include an extreme mood state defined

3
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by “euphoria, irritability, or expansiveness” and an increased level of activity or perceived

level of energy, alongside other symptoms like “rapid or pressured speech, flight of ideas,

increased self-esteem or grandiosity, decreased need for sleep, distractibility, impulsive or

reckless behaviour, and rapid changes among different mood states”. A duration of at

least one week has to be met to fulfill the criteria for a manic episode. A mixed episode is

defined by rapidly alternating states of manic and depressive symptoms during a period

of two weeks. A singular manic or mixed episode is sufficient for the diagnosis of type I

bipolar disorder, regardless of whether a depressive episode occurs or not [8, ICD-11 Code

6A60].

Bipolar type II disorder - 6A61

For a diagnosis of type II bipolar disorder, the occurrence of one or more hypomanic

episodes and a minimum of one depressive episode is required, without the occurrence of a

manic or mixed episode. A hypomanic episode is defined as a mood state with a duration

of several days or more with “increased irritability, increased activity or a subjective ex-

perience of increased energy“ and symptoms like “increased talkativeness, rapid or racing

thoughts, increased self-esteem, decreased need for sleep, distractability, and impulsive or

reckless behavior”. These symptoms constitute a change in a patient’s baseline behaviour,

but are not severe enough to result in an impaired function. A depressive episode is char-

acterized as a “period of almost daily depressed mood or diminished interest in activities

occurring most of the day” for at least two weeks, accompanied by “changes in appetite or

sleep, psychomotor agitation or retardation, fatigue, feelings of worthlessness or excessive

or inappropriate guilt, feelings of hopelessness, difficulty concentrating, and suicidality” [8,

ICD-11 Code 6A61].

Cyclothymic disorder - 6A62

The criteria for cyclothymic disorder are met when multiple episodes with symptoms of

hypomania or depression occur for most of the time over a period of at least two years, but

the criteria for classification as either depressive or manic episode are not met. If criteria

for a manic or a depressive episode are met, the requirements for the diagnosis of Bipolar
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I or II are met, and a patient will be classified accordingly. Cyclothymic disorder impairs

a patient’s normal functioning in various aspects of everyday life [8, ICD-11 Code 6A62].

2.1.2 Etiology and pathogenesis

The exact etiology of bipolar disorder is unknown. Currently, a model of multifactorial ge-

netic, neurobiological and psychosocial risk factors is discussed which, combined, influence

the manifestation and progression of the disorder.

Genetics play a major role in bipolar disorder and are one of the most studied risk factors.

First-degree relatives of patients with bipolar disorder have a lifetime risk of approximately

5 to 10 percent for developing bipolar depression, but there is also an association with

higher rates of unipolar depression [9]. For comparison, the estimated lifetime prevalence

for European countries is between 1.5 - 2 % according to Pini et al. [4]. Molecular ge-

netic studies have identified multiple genetic loci associated with a higher risk for bipolar

disorder. The impact of these gene polymorphisms each on its own is very small, but

in combination they may result in a higher risk of disease. It is suggested, that certain

genetic variations may interact with environmental factors, like substance abuse or stress,

and therefore increase the susceptibility to developing bipolar disorder [9].

Differences in levels of neurotransmitters and their receptors are also discussed as poten-

tial factors for developing bipolar disorder. Associated neurotransmitters are serotonin,

norepinephrine and dopamine and their corresponding receptors. Changes in receptor

expression and affinity were found to be present in patients with bipolar disorder, but

these differences are not specific and no coherent model of parthenogenesis based on these

findings has been developed [10].

Other associated factors for the development of bipolar disorder have been found. Child-

hood trauma or maltreatment are general risk factors for psychological diseases, including

bipolar disorder. The occurrence of stressful life events correlates with the onset of bipolar

disorder or relapses into manic or depressive episodes, although these findings are also not

specific for bipolar disorder only. Due to various confounding effects, a direct causality be-

tween major upsetting life events and episodes in bipolar disorder has not been shown [9].
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Substance abuse has also been linked to the development and progression of bipolar dis-

order, with indications that abuse in adolescence and the consumption of higher doses

increase the risk even further. In general, Cannabis is well studied in the context of bipo-

lar disorder and psychiatric disorders, as well as other substances like alcohol or cocaine,

but there is an ongoing discussion whether substance abuse triggers psychiatric disorders

or vice versa. Apart from drugs, several medical comorbidities are also associated with an

increased risk for developing bipolar disorder, with unclear causality [9].

Recent research focusing on neuroanatomical features has identified structural changes in

the brains of patients with bipolar disorder. Affected regions are the prefrontal cortex,

the subcortical area and the third and lateral ventricles, with varying specific findings in

imaging and neuropathological studies. As with other associated factors, these findings

are not specific for bipolar disorder, but can also be identified in unipolar depression [10].

The further development of a conclusive model of this disorder remains a topic for further

research.

2.1.3 Progression and prognosis

Typically, patients with bipolar disorder suffer from multiple episodes of varying intensity

and duration. The length of an episode can range from weeks to months. Exposure to

the risk factors mentioned in chapter 2.1.2 can further worsen the progression of bipolar

disorder, which leads up to chronic impairment in severe cases [11]. Some patients show

residual symptoms even after successful treatment, which increases the probability of a

relapse and can also have an impact on the patient’s everyday life and their ability to

function in social situations and to carry out cognitive tasks [12]. In addition to the

impairment of social function, suicide risk is increased in patients with bipolar disorder.

Two recent reviews found twenty- to thirty-fold increased suicide rates when compared to

the general population [13, 14]. The lifetime risk of suicide for patients with confirmed

diagnosis is estimated to be up to 19 percent [15].



Chapter 2. Background and Related Work 7

2.1.4 Therapy

The S3-Leitlinie zur Diagnostik und Therapie Bipolarer Störungen (S3 Guideline on diag-

nosis and therapy of bipolar disorders) [16] is used in the following sections for an overview

of therapeutic principles and to outline the pharmacological and non-pharmacological

treatment of bipolar disorder. The main focus for therapy is to restore and preserve a

patient’s psychosocial function and the ability to participate in their daily life. A second

important principle is that when the acute therapy for an episode has begun, it should

be already carried out with the prevention of future episodes in mind. To achieve this,

a patient’s individual history, number of episodes, comorbidities, previous response to

treatment and social setting need to be considered.

The guideline differentiates between the therapy for acute mania or hypomania, de-

pressive episodes and recurrence prevention. The guideline lists medications and non-

pharmacological treatments for each one of these settings and the grade of recommenda-

tion found by the guideline committee. The Association of Scientific Medical Societies in

Germany (AMWF) as publisher of the guideline uses the Grading of Recommendations

Assessment, Development and Evaluation (GRADE) approach [17] to systematically re-

view and evaluate evidence. According to the AMWF’s manual for guideline development,

the levels of recommendation correlate with the GRADE’s strength of evidence, as shown

in table 2.1 [18].

Level Recommendation Quality of evidence (GRADE)

A Strong recommendation High

B Weak recommendation Moderate

0 No recommendation Low and Very Low

CC Clinical consensus No available research, consensus only

Table 2.1: Levels of evidence and corresponding GRADE rating. Level CC when no

applicable data is available and recommendations are based on consensus of the guideline

committee.
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Therapy of manic episodes

Pharmacological treatment plays a central role during these episodes, as other, non-

pharmacological interventions require a high level of compliance from patients to be ef-

fective. For the therapy of manic episodes, various substances from different groups are

available. This broad selection allows for an individualized approach based on the patient’s

needs, the medication’s desired and potentially unwanted effects and the prior experience

and effectiveness of this substance. Pharmaceutical monotherapy is well researched for

treatment of manic episodes, with also the possibility of combinations of various sub-

stances. Table 2.2 shows the suggested pathway for treatment of manic episodes [16].

Substance Recommendation

First-line Monotherapy

Benzodiazepines Psychotherapy

Carbamazepine B

Lithium B

Valproate B

Aripiprazole B

Asenapine B

Olanzapine B

Quetiapine B

Risperidone B

Ziprasidone B

Haloperidol B

Paliperidone 0

Second-line Combination therapy

(if first-line is not sufficient)

Valproate or Lithium with

Olanzapine or Risperidone
B

Valproate or Lithium with

Aripiprazole or Quetiapine
0

Valproate or Lithium with

Allopurinol
0

Additional treatment for episodes resistant to pharmacological treatment

Electroconvulsive therapy (B)

Table 2.2: Treatment algorithm for a manic episode as suggested

by the S3-Guideline [16, Algorithm 3].
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Therapy of depressive episodes

Due to differences in the manifestation and parthenogenesis of unipolar and bipolar de-

pression and a lack of evidence specific to bipolar depression, the knowledge of effects

of antidepressants in bipolar disorder is limited. As there are differences between these

two diseases, therapeutic principles of unipolar depression cannot be easily transferred to

bipolar depression. Using antidepressants bears the risk of inducing manic episodes, mixed

affective states, and of increasing the frequency of episodes. As most patients have experi-

enced previous episodes, pharmacological treatment should have been established already

to prevent the recurrence of episodes, which further complicates therapy. The guideline

suggests the usage of antidepressants based on the severity of depression and reevaluating

the medication once the depressive symptoms subside to reach the goal of remission of

symptoms and regaining social function, but also to reduce the risk of the aforementioned

induction of manic episodes. Besides medication for the acute treatment of a depressive

episode, an evaluation of the medication for recurrence prophylaxis is suggested by measur-

ing blood levels and optimising the dosage. Apart from antidepressants, mood stabilizers

and atypical antipsychotics are available for treatment of bipolar depression.

Optimization or beginning of recurrence prophylaxis

Pharmacological treatment
Non-pharmacological treatments

(additional to pharmacotherapy)

Substance Evidence Treatment Evidence

Quetiapine A Evidence-based Psychotherapy A

Lurasidone B Sleep deprivation B

Lurasidone with

Lithium or Valproate
B

Repetitive high-frequency

Transcranial magnetic stimulation
0

Carbamazepine 0 Light therapy 0

Lamotrigine 0

Olanzapine 0

If unsuccessful, change of substance or additional substance

Additional treatment for episodes resistant to pharmacological treatment

Electroconvulsive therapy (B)

Table 2.3: Algorithm for treatment of bipolar depression suggested

by the S3-Guideline [16, ALgorithm 4].
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As evidence is limited, the guideline suggests a combination of pharmacological and non-

pharmacological treatments. Table 2.3 shows the pathway that is based on treatments for

which evidence is available. With regard to non-pharmacological options for treatment,

different forms of evidence-based psychotherapy (for example cognitive behavioral ther-

apy and family-focused therapy) and other treatments, like electroconvulsive therapy or

repetitive high-frequency transcranial magnetic stimulation are recommended [16].

Prophylaxis of recurrence

Pharmacological treatment

(first-line monotherapy)

Additional psychotherapy

(specific types of therapy)

Substance Evidence Treatment Evidence

Lithium A Psychoeducation B

Quetiapine B Cognitive behavioral therapy B

Lamotrigine B Family-focused therapy 0

Carbamazepine 0 Interpersonal and social

rhythm therapy
0

Valproate 0

Aripiprazole 0 Functional and cognitive

remediation therapy
0

Olanzapine 0

Paliperidone 0

Risperidone 0

If unsuccessful:

selection of another substance OR second-line combination therapy

Combinations for second-line therapy

Substances Evidence

Valproate with Quetiapine or Ziprasidone or Lithium 0

Lithium with Quetiapine or Ziprasidone 0

Treatment as usual with Risperidone 0

Additional treatment for episodes resistant to pharmacological treatment

Electroconvulsive therapy (B)

Table 2.4: Algorithm for recurrence prophylaxis as suggested by

the S3-Guideline [16, Algorithm 5].

The goal of recurrence prevention is to suppress all episodes of mania or depression, to

reduce residual symptoms, and to maintain normal social function. The challenges during
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this phase of treatment are to find the optimal drug or combination of drugs to stabilize

a patient, and subsequently to ensure a patient’s compliance and adherence. Therapeutic

drug monitoring should be used to ensure a patient is taking his medication and to guide

the dosing for optimal effects. During phases of remission, continuous reevaluation of the

treatment should be made. Like the treatment of episodes, recurrence prophylaxis also

combines pharmacological and non-pharmacological treatments [16].

2.2 Difficulties in diagnosing bipolar disorder

Several studies found associations of delayed diagnosis with worse outcomes with regard to

social function, episodes and hospitalizations and with an increased risk of self-harm [19].

Altamura et al. compared a delay in correct treatment of less than six years with a delay

of more than six years and found a higher number of hospitalizations and suicide attempts

in the group with the longer delay [20]. Besides suicidality and symptomatic episodes,

McCraw et al. found correlations between the delay to treatment with higher rates of

unemployment and impaired social function [21].

Both classifications used for the diagnosis of bipolar disorder, ICD-11 and DSM-5, require

episodes of depressive mood and episodes of mania or hypomania to fulfil the diagnostic

criteria. Especially, hypomania can be difficult to diagnose due to varying interpretations

of symptoms by the patient or the clinician. The absence of mania or hypomania can

lead to a misdiagnosis of unipolar depression, due to the same definition of a depressive

episode used for unipolar depression and bipolar disorder [8, 22]. An analysis of surveys of

patients with bipolar disorder by Hirschfeld et al. in 2000 reports a rate of 69% of initial

misdiagnosis, with unipolar depression being the most frequent incorrect diagnosis [23]. In

a study including 764 patients, Baldessarini et al. found an average delay of 8.8 years from

the onset of symptoms to the beginning of pharmacological treatment. When assuming

that the correct diagnosis of bipolar disorder is required to start an effective pharmaco-

logical treatment, this could be seen as a surrogate for the delay in correct diagnosis.[5].

Using a French population, Drancourt et al. reported a similar finding of a mean duration

of untreated bipolar disorder of 9.6 years. When split into subgroups based on the polarity

of the first-ever episode, they found an even longer delay of 14.5 and 13 years respectively
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for patients with hypomania and depression as their first manifestation, compared with a

shorter-than-average time of eight years for patients with mania as the first episode [24].

This highlights possible substantial differences in the diagnostic accuracy caused only by

different clinical features presented at the time of assessment, and stresses the further

need for reliable and objective diagnostic tools independent of a patient’s current affective

state.

2.3 Related work

To search for related work, PubMed was searched with the MeSH term “Bipolar and

Related Disorders”[Mesh] AND “Artificial Intelligence”[Mesh]. This search on 16th of

November 2021 resulted in 139 studies matching these MeSH terms. Of these results, 43

studies tried to classify patients based on data from imaging studies. 8 studies researched

if genetic mutations could be identified and used to classify. Using machine learning to

classify based on these two areas seems to be a more researched approach than using

cognitive variables.

Three studies tried to answer the same question as this thesis, whether it is possible to

classify patients with bipolar disorder using machine learning only based on results from

cognitive assessments.

Wu et al. [25] used results of 37 scores from Cambridge Neuropsychological Test Automated

Battery (CANTAB) [26] to train and evaluate a model. Included were 21 patients with

Bipolar disorder I or II which were currently in an euthymic state and 21 matched healthy

controls. When using leave-one-out cross-validation, an accuracy of 71%, sensitivity of

76% and specificity of 67% were achieved [25].

Sawalha et al. [27] used results of the CANTAB of patients with bipolar disorder and

healthy controls to build a model to differentiate both groups. Two cohorts of patients

were defined, one with chronic bipolar disorder, defined as more than two mixed or manic

episodes, and a cohort of first-episode bipolar disorder with one manic or mixed episode.

A dataset of 129 variables was used, containing results from the CANTAB. They trained

a model using the cohort of 74 patients with chronic bipolar disorder and 53 healthy

controls with no history of psychiatric or severe somatic disease. Performance metrics for
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this model were calculated using 5-fold nested cross-validation with an accuracy of 77%,

precision of 82% and resulting sensitivity of 76% and specificity of 77%. This model was

evaluated using the second cohort of 37 patients with first-episode bipolar disorder and

18 healthy controls. Results for the second cohort were an accuracy of 76%, precision of

87%, sensitivity of 75% and specificity of 79%. The approach to use chronic and first-

episode bipolar patients as the train and test data set was used to determine whether

a model can differentiate between patients and healthy controls and if it is possible to

identify patients who have their first episode as reliably as patients with a longer history

of the disease. The authors concluded that this approach could help in early recognition

of bipolar disorder [27].

A study by Sonkurt et al. used a subset of six cognitive evaluation tests from CANTAB to

classify Bipolar I patients and healthy controls. A sample of 17 patients and 19 controls

was used. The group performed 10-fold cross-validation and reported an F1 score of 0.8,

accuracy of 0.78 and AUROC of 0.78 for the correct classification as Bipolar I with a

sensitivity of 80% and specificity of 76.2% [28].

These three studies are the most closely related to the research question of this thesis.

The results indicate that it is possible to classify patients as either bipolar or healthy with

an accuracy between 0.71 and 0.78 when using only results from cognitive assessments.

A study by Fernandes et al. used immunological and inflammatory biomarkers in com-

bination with cognitive data to classify patients with bipolar disorder, schizophrenia and

healthy controls. Three classifiers were built for each combination of groups and trained,

once with only the biomarkers and once with biomarkers and cognitive data. The relevant

model of bipolar against control with cognitive data achieved an accuracy of 79.73%, sen-

sitivity of 88.29% and specificity of 71.11%. Results from the Wechsler Adult Intelligence

Scale (WAIS) [30], National Adult Reading Test [31] and the California Verbal Learning

Test (CVLT) were used. The CVLT is also used as a test for cognitive performance in the

“BIPFAT” study [29].

Walsh-Messinger et al. [32] tried to identify which variables are of importance when trying

to distinguish between patients with schizophrenia or schizoaffective disorder and patients

with affective disorders, including bipolar disorder, or healthy controls. They used Global

Assessment of Function [33], the Positive and Negative Syndrome Scale [34] and four
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scores from the WAIS as assessments of cognitive function and the Diagnostic Interview for

Genetic Studies [35] for assessment of psychiatric symptoms as well as parental age at birth.

Their experiments yielded similar results when separating patients from healthy controls

and schizophrenia from affective disorders. When analyzing their models, they found that

variables like the Global Assessment of Function or positive or negative symptoms had a

tendency to be more influential than cognitive assessment [32].

In a Chinese study by Ma et al. [36], feature selection was used in an attempt to simplify the

correct diagnosis of bipolar disorder and the distinction from major depressive disorder.

They retrospectively used a cohort of patients with bipolar or affective disorders and

healthy controls to train different machine learning models. Using feature selection, 17

questions were selected from a structured questionnaire containing originally 113 clinically

relevant questions. Using this subset of questions, the new “Bipolar Diagnosis Checklist in

Chinese” was created, which has an equal performance when diagnosing bipolar disorder

as the original. The authors concluded that machine learning and feature selection can be

used to shorten complex diagnostic interviews, which can result in significant time savings

when used in clinical practice [36].



Chapter 3

Methods

3.1 Methods

3.1.1 Overview of machine learning

Machine learning, a term popularized by Arthur Samuel in 1959 [37], covers various algo-

rithms and techniques to learn from and predict on data. There are three basic types of

machine learning approaches, differentiated by their way of learning from data.

Supervised learning

Supervised learning is used on data where each sample has a respective label which is

known at the time of training. An algorithm is trained using training data and afterwards

predicts the labels of previously unseen test data.

Unsupervised learning

In unsupervised learning, labels of the data are unknown. This approach is used to infer

new information about the data by using techniques such as clustering or dimensionality

reduction.

Reinforcement learning

In reinforcement learning, an iterative approach is used in which an algorithm learns by

15
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either receiving or not receiving a reward for correct predictions and optimizing itself to

get the reward more often [38].

Depending on the available data and the questions posed, different methods from these

three groups can be used. In this thesis, mainly supervised learning is used to evaluate and

predict on the data. Unsupervised learning is used to a certain extent for visualizations.

3.1.2 Terminology

The following section provides a brief overview of the terms used in this thesis.

Samples, Features, Labels

A sample represents one element of the data set and consists of multiple features (also

called attributes or variables) and a respective label (also target). In this thesis, a patient

represents a sample with the demographic data and test results as the features and the

group, either “bipolar” or “control”, as the label [38].

Algorithm

An algorithm describes the underlying method of how a model is implemented and trained.

Algorithms are, for example, “Logistic Regression” or “Support Vector Machine”. The

settings of an algorithm, e.g. which kernel to use or a learning rate, are called hyperpa-

rameters [38].

Model

A model represents an algorithm which was constructed with a set of specific hyperparam-

eters after training. During training, the model’s parameters are learned from the training

data; therefore, a models consists of an algorithm, the predefined hyperparameters and

the model’s parameters. A model can also be called classifier or estimator [38].

3.1.3 Performance metrics

To evaluate and compare the performance of machine learning models, various performance

metrics can be calculated. As the data set only includes two groups of patients, “bipolar”

and “healthy control”, all classifications are made for this binary case and therefore only
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metrics for binary classifications are used. When unspecified, these metrics are calculated

for the positive label. For this thesis, the positive label is always “bipolar”. The following

metrics are used in this thesis:

Accuracy

Ratio of correct predictions to the total number of samples [38].

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝐴𝐶𝐶) =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+ 𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

Precision

Ratio of correct positive predictions to the total predicted positives. Precision is also

called “positive predictive value” or short “PPV” [38].

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃 ) =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑣𝑒+ 𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

Recall

Ratio of correct positive predictions to the total positive samples. In a binary classification

task, this is also called “sensitivity” [38].

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅) =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

F1 score

Harmonic mean of precision and recall [38].

𝐹1 = 2 · 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 *𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙

Receiver operating characteristic curve

The receiver operating characteristic (ROC) curve is a plot of the true positive rate,

which is the recall or sensitivity, against the false positive rate, which equals 1− specificity

using different thresholds for the decision function. The area under this curve (AUC or

AUROC) can be used for easy comparison of different models. A perfect model would

have an AUROC of 1, whereas a purely random model would have 0.5 [39].
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Figure 3.1: Example of a ROC curve. AUROC [39, Figure 3-6].

Averaging

Averaging is typically used in multi-class or multi-label classifications to better assess the

overall performance of a model and not only the classification performance for a single

class or label. In the binary classifications made in this thesis, using only the metrics

calculated for the positive label “biploar” could result in biased results due to better or

worse performance for one of the two classes. Therefore, it was specified prior to analysis

to evaluate algorithms and models using averaging strategies to assess the performance

for both classes at once and to mitigate possible bias [38].

Micro-average

A micro-average is calculated by adding each numerator and each denominator for all

scores and dividing them. A micro-average weights each prediction equally [38].

𝑠𝑐𝑜𝑟𝑒𝑚𝑖𝑐𝑟𝑜 =
𝑛𝑢𝑚𝑒𝑟𝑎𝑡𝑜𝑟𝑠𝑐𝑜𝑟𝑒1 + 𝑛𝑢𝑚𝑒𝑟𝑎𝑡𝑜𝑟𝑠𝑐𝑜𝑟𝑒2 + · · ·+ 𝑛𝑢𝑚𝑒𝑟𝑎𝑡𝑜𝑟𝑠𝑐𝑜𝑟𝑒𝑘

𝑑𝑒𝑛𝑜𝑚𝑖𝑛𝑎𝑡𝑜𝑟𝑠𝑐𝑜𝑟𝑒1 + 𝑑𝑒𝑛𝑜𝑚𝑖𝑛𝑎𝑡𝑜𝑟𝑠𝑐𝑜𝑟𝑒2 + · · ·+ 𝑑𝑒𝑛𝑜𝑚𝑖𝑛𝑎𝑡𝑜𝑟𝑠𝑐𝑜𝑟𝑒𝑘

Macro-average

The arithmetic mean of all scores. A macro-average weights each class equally [38].

𝑠𝑐𝑜𝑟𝑒𝑚𝑎𝑐𝑟𝑜 =
𝑠𝑐𝑜𝑟𝑒1 + 𝑠𝑐𝑜𝑟𝑒2 + · · ·+ 𝑠𝑐𝑜𝑟𝑒𝑘

𝑘



Chapter 3. Methods 19

3.1.4 Techniques for training and optimizing models

The performance of a machine learning model is always measured when predicting on

previously unseen data. This necessitates the usage of distinct subsets of the data set for

training and testing the model. The performance of a model depends on which samples

are part of the training and test split, as small differences of these subsets of the complete

data set can influence how a model learns to predict. Therefore, performance measured

when using such a strategy is always only valid for this distinct split. To estimate how

a model performs when learning on the complete data set, multiple runs of training and

measuring performance with different splits of data are required, and the average values

can be used as estimates for the true performance of the model. This true performance,

which cannot be measured directly, is called the generalization performance of a model.

The same applies for the error rate of a model; the estimated true error rate is called the

generalization error. Strategies for measuring performance are outlined in the following

section.

Holdout validation

The easiest method is holdout validation. The data set is split in a subset of training and

test data; in the most common cases, an 80/20 train-test-split is used. If optimization

strategies, like grid search, are performed, the data set can be split into three subsets: a

training set, a validation set used for optimizing the model, and a test set to measure the

performance of the optimized model. This prevents information leakage during training,

but on the downside, it reduces the overall amount of data available for training [39, p.

29f]. Usually, these splits are generated using random subsets of the data. A model’s

performance can vary significantly depending on the randomness of the selected data in

the respective splits [38].

Cross-validation

Cross-validation means splitting the data set into k subsets or folds, and using k -1 of these

folds as training data and the remaining fold as test data. Typical numbers for k are 5 or

10. This can be used for evaluating a model’s performance by calculating selected metrics
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k -times and averaging the results for a better estimate of a model’s generalization error.

[38] Cross-validation can also be used in combination with grid search.

Grid search

To optimize a model’s performance, its hyperparameters can be tuned for better results.

Grid search is a technique for this process with which different settings for hyperparam-

eters are defined prior to training and a model using all possible combinations of these

hyperparameters is trained and evaluated. The models are either trained and tested using

holdout validation or cross-validation. After every combination has been tested, the best

performing model and its hyperparameters are used for further experiments. [38]

Nested cross-validation

To compare and evaluate different algorithms and models, their generalization error must

be calculated as precisely as possible. Usually measuring a model’s performance is done by

using holdout validation, optimizing a model for the training data using grid search and

then evaluating the model using the test data. Due to the randomness in the training/test

splits, the measured generalization error can vary significantly. A way to mitigate this

problem is by combining grid search for optimization of the model with cross-validation

for evaluation of the generalization error. This is called 𝑘×𝑛 nested cross-validation. The

complete data set is split into 𝑘-folds of 𝑘−1 parts to be used as training data and the rest

as test data. For each of these folds, a 𝑛-fold cross-validated grid search is performed to

select an optimized model for which the performance metrics are calculated. The average

of all 𝑘 calculated metrics is used as the final score of the algorithm. This results in an

almost unbiased estimation of generalization performance [40]. In this thesis, 10×5 nested

cross-validation is used to evaluate and compare different algorithms. Figure 3.2 shows

the process of nested cross-validation.
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Figure 3.2: Nested cross-validation using 5× 2 nested CV [41]

3.1.5 Machine learning algorithms

There are different algorithms available for building and training machine learning models.

The following algorithms are used in this thesis as they are commonly used algorithms and

are implemented in scikit-learn [42]. Other algorithms could be used as well, but testing

additional algorithms was not included in the scope of this thesis, as the goal is to focus

on well-accepted and tested methods to gain an idea of how these methods perform when

applied to the “BIPFAT” data set.

Logistic Regression

Using a logistic function for binary classification was first proposed by Cox [43] in 1958.

Logistic Regression estimates a probability by assigning weights to every feature and then

calculates the weighted sum of all features. The classification is done by applying this

probability to a sigmoid function, also called the logistic or logit function, and deciding if

a sample is positive or negative based on a cut-off. Training is done by finding the ideal

cut-off where the rate of correct predictions is the highest [39].
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Support Vector Machine

Support vector machines were invented in 1974 by Vapnik and Chervonenkis [44]. When

assuming all 𝑛 features of a data set are located in a higher space with 𝑛 dimensions, a

support vector machine tries to construct an imaginary plane called hyperplane, which,

in the case of binary classification, separates these two classes. This plane is optimized

to have the maximum distance from the closest samples on both of its sides, which are

called the support vectors. In figure 3.3, an example is displayed with maximum margins

on both sides of the hyperplane. The encircled samples are the support vectors which

define the hyperplane. More complex shapes of hyperplanes can be used for more complex

problems [38].

Figure 3.3: Visual representation of a support vector machine for a linearly separable
problem from the official scikit-learn API documentation [45]

AdaBoost

Adaptive Boosting, in short AdaBoost, is an ensemble method which means that it com-

bines multiple models with poorer performance into a single model which performs better.

The technique of boosting was introduced by Freund and Schapire [46] in 1997. AdaBoost

trains a model, in the case of this thesis a decision tree, and afterwards the algorithm

tries to improve the model’s performance by adjusting the weights of incorrect classifica-
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tions to predict them correctly in the future. Using the updated weights, a new model is

trained, and the process is repeated a set amount of times. This approach should optimize

the predictive performance for difficult samples and therefore increase the overall model’s

performance [39].

Random Forest

Random Forest is another ensemble method, first described by Breiman [47] in 2001. A

random forest consists of a set amount of decision trees which are trained with random

subsets of the data set. To make a final decision, all the classifications made by each tree

are combined, either by majority vote or, as in the case of scikit-learn, by combining their

predicted probabilities [39].

Artificial Neural Network

Nowadays, a variety of different neural networks exists, but the general idea of an artificial

neural network goes back to a paper by Mccullock and Pitts [48] from 1943. The form

of neural network used in this thesis is the so-called Multi-Layer Perceptron (MLP). This

network is based on the architecture for artificial neural networks called Perceptron, which

was invented by Rosenblatt [49] in 1957. A perceptron consists of a single layer of Linear

Threshold Units (LTUs), also called neurons, which calculate an output as the sum of all

inputs, where every input is multiplied with a weight factor, and applying it to a decision

function. An LTU basically works like Logistic Regression. The perceptron consists of as

many LTU’s as there are a variable amount of outputs required, for example two in the case

of binary classification, and a variable amount of inputs, which are all connected to every

one of the output layers. An Multi-Layer Perceptron adds a variable number of so-called

hidden layers between the input and output layer. During training, the weight of each

input is adjusted to increase the performance of the network. In figure 3.4, visualizations

of a perceptron and an MLP are shown [39]. Scikit-learn only provides an MLP as neural

net. Other forms of more complex neural nets could also be used for the task of this thesis

and might deliver better results.
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(a) Perceptron (b) Multi-Layer Perceptron

Figure 3.4: Visualizations of a Perceptron (a) with three output LTU’s/neurons and as

Multi-Layer Perceptron (b) with a single hidden layer of four LTU’s/neurons [39, Figures

10-5 and 10-7].

3.1.6 Development environment

scikit-learn, which is a free, open source library for developing machine learning applica-

tions, was used to develop all models presented in this thesis. scikit-learn is implemented

in the programming language Python and mainly used for scientific projects [42]. The

version used was 0.23.2.

All calculations were performed using JupyterLab 3.0.5, a free open source, browser-based

environment for data science which provides a graphical interface for a Python interpreter

and functions resembling an Integrated Development Environment [50]. This environment

is run under macOS 10.14.6. The Python version used was 3.8.2. Descriptive statistics

were calculated, and all data was handled with Pandas 1.0.3 and NumPy 1.18.2. For

diagrams and plots, Seaborn 0.10.0 and Matplotlib 3.2.1.
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3.1.7 BIPFAT study and data set

BIPFAT study

The single-center “BIPFAT” study was conducted by the Medical University of Graz’s De-

partment of Psychiatry and Psychotherapeutic Medicine and assessed demographic param-

eters, complete current and lifetime psychiatric history using the Structured Clinical In-

terview according to DSM-IV (SCID I), the psychiatric rating scales Hamilton-Depression

(HAM-D), Young Mania Rating Scale (YMRS) and Beck’s Depression Inventory (BDI),

history of medication, anthropometric measure, blood pressure, fasting blood, cognitive

testing, EEG, stool sample, different lifestyle questionnaires and magnetic resonance imag-

ing (MRI) of the brain.

All patients included were former in- or outpatients of the Medical University of Graz and

had a diagnosis of BD I or BD II according to the DSM-IV criteria. Patients needed to

be in the state of euthymia (HAM-D score <11 and YMRS <9) and had given written

informed consent prior to participating in the study. The study has been approved by

the local ethics committee (Medical University of Graz, Austria) in compliance with the

current revision of the Declaration of Helsinki, ICH guideline for Good Clinical Practice

and current regulations (EK-number: 24-123 ex 11/12).

Exclusion criteria were the presence of chronic obstructive pulmonary disease, rheumatoid

arthritis, systemic lupus erythematosus, inflammatory bowel disease, neurodegenerative

and neuroinflammatory disorders (i.e. Alzheimer’s, Huntington’s and Parkinson’s dis-

order, multiple sclerosis), hemodialysis and interferon-𝛼-based immunotherapy. Further

exclusion criteria for controls were the presence of lifetime psychiatric diagnoses (verified

by SCID I) and first- and second-grade relationship to relatives with psychiatric disor-

ders [51].

BIPFAT data set

The data were selected prior to analysis to have a near equal distribution of both sexes

from the complete “‘BIPFAT” data set. The used data set contains 341 samples of two

groups, “‘biploar” and “control”. Each sample consists of 18 features, where one is the
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group ID and one is a de-identified patient ID from the original data set. The patient

ID is not used for analysis, as it is only an index. The data set contains basic patient

information and scores from various cognitive tests performed during the study.

Trail Making Test (TMT)

Trail Making Test (TMT) is a cognitive test done in two parts. In the first part, TMT-A,

participants must connect circles containing numbers in their ascending order. During the

second part, TMT-B, the numbers are mixed with letters and also have to be connected

in ascending order by alternating between numbers and letters. For both parts, the time

to completion is measured [52].

Stroop test

The Stroop effect was first described by Stroop [53] and is implemented in the Stroop

test. It measures a patient’s ability to inhibit cognitive interference while simultaneously

processing incongruent stimuli by measuring reaction time [54].

California Verbal Learning Test (CVLT)

The California Verbal Learning Test (CVLT) is a test to estimate a patient’s verbal learn-

ing and memory capability by having the test subject remember a list of 16 words and

measuring how many of these can be recalled after some time and after completing an

interference task in between [55].

d2 and d2-R test

The d2 test and its revised version d2-R were developed by Rolf Brickenkamp in 1962. The

test evaluates a participant’s cognitive performance by measuring the errors made when

crossing out certain combinations of letters and symbols and the number of processed

symbols in a given time [56].

Feature Description

Pat ID Continuous number, omitted before analysis

age Patient age

sex Sex, encoded as 1 = female, 2 = male

group Group, encoded as 1 = bipolar, 2 = control
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BMI Body Mass Index

TMT A TMT Part A – time to completion

TMT B TMT Part B – time to completion

STROOP FWL Stroop Test Reading Color Names

STROOP FSB Stroop Test Naming Colors

STROOP INT Stroop Test Interference

CVLT A LS COR CVLT Learning sum of round 1 to 5

CVLT DG1 CVLT No. of correct words round 1

CVLT DG5 CVLT No. of correct words round 5

CVLT VFW1 CVLT Delayed free recall 1

CVLT WA1 CVLT Cued recall 1

CVLT VFW2 CVLT Delayed free recall 2

CVLT WA2 CVLT Cued recall 2

vereint KL combined d2 and d2-R “Konzentrationsleistung”

Table 3.1: Features of the data set and their description.

3.2 Approach

3.2.1 Data preprocessing

Before machine learning models can be trained in a meaningful way, the data used for

training and evaluating the models must be checked and, if necessary, modified to avoid

invalid results. The first step performed is imputation of missing data by filling missing

values of features with the mean value of all other samples. An exception is the feature

“sex”, missing values are imputed with random 1 or 2, as imputation with the mean value

would result in a third group with a float value between 1 and 2.

The second step is feature scaling. Some algorithms perform worse if the features have

varying orders of magnitude. The technique used is standard scaling, meaning all features

are standardized in a way so that their mean value approximates to 0 and their standard
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deviation to 1. Both steps of preprocessing were performed using functions provided by

scikit-learn.

3.2.2 Dimensionality reduction and cluster analysis

Prior to training machine learning models by using approaches of supervised learning,

different dimensionality reduction techniques are used in this thesis to visualize the data.

During this process, data is projected into a 2-dimensional space to find possible clusters

of samples or to identify other structures in the data. Principal Component Analysis

(PCA), a technique described in 1901 by Pearson [57], is used to visualize the data on a

2-dimensional plot and to calculate the data’s principal components, which contain infor-

mation about the data set and its features. t-Distributed Stochastic Neighbor Embedding

(t-SNE), a newer technique described by Maaten and Hinton in 2008 [58], is used to search

for clusters in the data. Both methods give visual hints of structures in the data set.

3.2.3 Algorithm evaluation and selection

Machine learning models can be built using different algorithms, for example Support

Vector Machine (SVM) or Random Forest. Therefore, comparing and selecting the best

performing algorithm to be used for the final model and further experimentation is a

necessary step when building these models.

To determine which algorithm has the best performance, the F1 score is used as an eval-

uation metric for comparison. Micro- and macro-average F1 scores of both labels are

presented as results during this thesis. 10× 5 nested cross-validation is used to calculate

the performance metrics for all selected algorithms. The results are compared and the

algorithm with the best micro-average and macro-average F1 scores is selected as the best

performing algorithm and used for further analysis.

For all algorithms and for the function used to generate the splits of the data set, a seed

can be set to control the randomness in these processes. This seed can be set to an integer

value or to an unknown, random value. For this thesis, the seed is set to 0 for each model

and for the splits. Using a fixed seed leads to reproducible results, but comes at the cost
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of reduced information gained about the generalization performance of these models due

to omitting the model’s inherent randomness.

3.2.4 Model optimization

Nested cross-validation can be used for estimating an algorithm’s generalization perfor-

mance, but due to multiple runs of optimization using grid search, no final best performing

model can be generated this way. After algorithm selection, this step has to be done again

using the best performing algorithm. To further demonstrate the increase in performance

by hyperparameter tuning, the F1 score of a model only using the default hyperparam-

eters is compared to an optimized model. The comparison is done by using an 80/20

train-test-split for scoring. The tuned model is optimized by performing a grid search

with cross-validation using the same parameter grid as during algorithm selection. Due

to the usage of holdout validation for comparing these models, the comparability of these

results to results when using other splits of the data set is limited.

A second, experimental approach to inspect a model’s performance is to reduce the number

of features used for training by selecting features based on their importance. This can be

done by manually setting a threshold feature importance to include a feature or not, or by

using an algorithm like Recursive Feature Elimination with Cross-Validation (RFECV).

RFECV is implemented by scikit-learn to gradually select fewer features and scoring the

model’s performance using cross-validation. The previously optimized model is used to

perform this task. The features are reduced one by one and the micro-average F1 score is

used for scoring. A ranking of the features is computed by the algorithm, and a plot of the

number of features and their scores is presented. The algorithm also returns the optimal

number of features, resulting in the highest score. In the presented feature ranking, all the

features selected to obtain the best score are given the rank 1 and the remaining features

are ranked in descending order of their importance [59]. An analysis of the selected features

is not done when using RFECV, as this is performed only as an optimization task.
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3.2.5 Feature analysis

Feature analysis is done by using the algorithm with the best F1 score selected earlier. A

model of this algorithm is trained and optimized by performing a grid search for its best

hyperparameters. The macro-average F1 score is used as the target for this optimization.

For this model, the internal ranking of features is displayed. This can provide information

which features of the data set are the most important and which can be possibly ignored

when training the model.

A second step is the usage of the library “ELI5” to gain insight into the model. This library

is used to “explain” a machine learning model by displaying a prediction as a table of each

feature’s contribution, where the sum of all contributions is the result. The contribution

of a feature is calculated by multiplying the feature’s value with its coefficient [60]. For

this step, the optimized model is trained using an 80/20 train-test-split. The first two

samples from the test split are selected, and their predictions displayed using “ELI5”.

3.2.6 Final model

For possible future applications or to predict on data which is not included in the used

data set, a final model needs to be generated. The final model is generated by selecting the

algorithm with the best performance, searching for the best hyperparameters using grid

search with cross-validation and, as a final step, training the model with the optimized

hyperparameters using the complete data set as training data. As this is not within

the scope of this thesis, the generation of a final model is not included in the notebook

appended in Appendix A.
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Results

4.1 Properties of the data set

The data set includes data from 341 patients of the observational “BIPFAT” study, con-

ducted by the Medical University of Graz’s Department of Psychiatry and Psychothera-

peutic Medicine, as detailed in Section 3.1.7.

The data set is made up of two groups, 196 patients with a confirmed diagnosis of bipolar

disorder and 145 healthy patients as the control group. Both groups were selected to

contain an almost equal number of male and female samples. The data set contains 16

features for each of the samples and their respective group as target variable. The 16

features consist of basic patient data (age, sex, BMI) and the results of different cognitive

tests performed during the study. The following table gives an overview of all features

and their values, stratified by their group.

Feature
All

(N = 341)

Bipolar

(N = 196)

Control

(N = 145)
Missing values

Age – yr 41.2± 14.8 44.2± 13.7 37.1± 15.3 5

Sex 5

Male – no. (%) 158 (47.0) 107 (54.9) 90 (63.8)

31
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Female – no. (%) 178 (53.0) 88 (55.1) 51 (36.2)

BMI 26.4± 5.8 27.9± 6.1 24.4± 4.5 5

TMT A 32.0± 13.8 36.0± 14.4 26.5± 10.6 0

TMT B 73.5± 39.7 84.2± 45.6 59.3± 23.5 3

STROOP FWL 30.7± 5.9 32.0± 6.1 28.9± 5.2 7

STROOP FSB 47.2± 8.9 49.3± 8.8 44.4± 8.2 7

STROOP INT 75.9± 20.1 82.4± 22.4 67.4± 12.0 7

CVLT A LS COR 54.8± 12.3 51.3± 12.3 59.0± 11.0 102

CVLT DG1 7.8± 5.5 6.9± 2.5 8.9± 7.8 4

CVLT DG5 13.2± 2.7 12.4± 2.9 14.2± 2.1 4

CVLT VFW1 11.5± 3.4 10.4± 3.4 12.9± 2.8 7

CVLT WA1 12.4± 5.1 11.2± 3.2 13.9± 6.5 7

CVLT VFW2 12.1± 3.5 11.2± 3.5 13.3± 3.0 8

CVLT WA2 12.5± 3.2 11.6± 3.3 13.6± 2.7 8

vereint KL 160.2± 52.7 139.8± 44.8 188.1± 50.0 19

Table 4.1: Characteristics of the “BIPFAT” data set.

Values are means ± SD.

4.2 Dimensionality reduction

PCA

A 2 component PCA was performed, and both resulting principal components are visual-

ized on a 2-D plot. No clusters in the data or a clear separation of both groups can be

observed.
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Figure 4.1: 2-D plot of both principal components of a 2 component PCA.

A 16 component PCA was performed to generate a feature ranking based on the most

important feature for each of the 16 principal components. Table 4.2 shows the most

important feature for each principal component and the principal component’s explained

variance ratio. Some features are ranked more than once.

PC Feature Variance ratio

0 CVLT VFW1 0.436010

1 STROOP FSB 0.108661

2 sex 0.071194

3 BMI 0.064334

4 CVLT DG1 0.055407

5 BMI 0.048681

6 CVLT WA1 0.037827

7 CVLT WA1 0.035407

8 vereint KL 0.032666

9 STROOP INT 0.025062

10 TMT B 0.024625
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11 CVLT A LS COR 0.020803

12 STROOP FSB 0.014341

13 CVLT DG5 0.010996

14 CVLT VFW1 0.008884

15 CVLT VFW2 0.005102

Table 4.2: Principal components (PC) and their most

important features with corresponding ratio of explained

variance.

t-SNE

t-Distributed Stochastic Neighbor Embedding (t-SNE) was done for dimensionality reduc-

tion as described in section 3.2.2. As settings for the algorithm, the number of iterations

was set to 1000 and the random state to 0. Three different values for the parameter “per-

plexity”, which influences the shape of the resulting plot, were used to identify clusters

in the data. No clusters can be identified in the resulting plots, and no clear separation

between both groups can be seen.

Figure 4.2: t-SNE plots using different values of perplexity.
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Neither the PCA nor the t-SNE plots show visible clusters or a clear separation of both

groups. Both plots show areas where one group is dominant, but also areas where both

groups overlap and outliers can be found for both groups in all areas. Based purely on

these observations, classification of the data set using machine learning might not yield

high scores.

4.3 Evaluation of machine learning algorithms

10 × 5 nested cross-validation was performed to calculate the F1 scores as described in

Section 3.2.3 for the five selected algorithms.

Algorithm F1 macro-average F1 micro-average

Logistic Regression 0.69± 0.06 [0.66-0.73] 0.70± 0.06 [0.67-0.74]

AdaBoost 0.67± 0.05 [0.64-0.69] 0.69± 0.05 [0.66-0.72]

Support Vector Machine 0.68± 0.06 [0.64-0.72] 0.69± 0.07 [0.65-0.73]

Random Forest 0.68± 0.06 [0.64-0.71] 0.69± 0.06 [0.65-0.73]

Neural Network 0.68± 0.07 [0.64-0.73] 0.70± 0.08 [0.65-0.74]

Table 4.3: Results of 10 × 5 nested cross-validation, sorted by best F1 macro-average

score. F1 score±STD [95% CI].

The scores are the average results for 10 runs of cross-validation. Typically, performance

metrics are calculated with a precision of two decimal places. Logistic Regression has

the highest score using macro-average as averaging strategy with a score of 0.69. Us-

ing micro-averaging, Logistic Regression and the Neural Network perform equally with

a score of 0.70, with Logistic Regression having the smaller standard deviation of 0.06

and the narrowest 95% confidence interval of [0.67-0.74]. Due to this marginal difference,

Logistic Regression can be selected as the best performing algorithm. The differences in

scores between the best and the worst algorithm are 0.02 for macro-averaging and 0.01

for micro-averaging, which indicates only marginal differences in performance with unclear

implications for practical usage. The 95% confidence intervals for all results overlap, which
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indicates that there are no statistically significant differences in the performances of the

algorithms; therefore, no statistical hypothesis tests were performed.

A limitation of these results is that random seeds used for models and splits influence

model performance; therefore, these results and the ranking of algorithms are only valid

for the used seed 0. As nested cross-validation combines model optimization by grid

search and cross-validation, it generates almost unbiased results and for this reason, these

results are a good approximation of an algorithm’s true generalization performance [40].

When assuming that the average results of the performed nested cross-validation are a

close representation of the true generalization error, it can be further assumed that using

different seeds is not going to generate better results when using the same data. To

examine if different seeds have an impact on these results, multiple runs of the program

would have been necessary. Due to the long runtime required to perform a complete cycle

of nested cross-validation and only minimal expected differences, this has not been done

in this thesis.

These five different algorithms are tested for their classification performance, and all of

them yield almost equal results. Considering these are well accepted algorithms and their

implementations in scikit-learn are well optimized, it can be assumed that further testing

of different algorithms is not going to result in significantly different performances. Dimen-

sionality reduction using PCA and t-SNE showed no visible clustering and in large parts

overlapping distributions of samples, which is consistent with the finding of a mediocre

macro-average F1 score of 0.69 for the top algorithm. These observations lead to the

conclusion that the available data does not contain enough information or clearly distin-

guishable data to obtain better results when making predictions using machine learning.

4.3.1 Consideration of training runtime

The runtime of training a machine learning model is mainly dependent on the size of the

data set and the complexity of the algorithm used. For a small data set, like the “BIPFAT”

data set used for this thesis, the difference in runtime when training a single instance of an

algorithm can be neglected. When using grid search or nested cross-validation, the time

needed for training is multiplied by the size of the hyperparameter grid and the number

of cross-validation folds.
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The runtimes of a grid search with cross-validation and 𝑘 × 𝑛 nested cross-validation can

be calculated using the following formulas, where 𝑇𝑖𝑚𝑒𝑚𝑜𝑑𝑒𝑙 is the runtime of training a

single instance and 𝐺𝑟𝑖𝑑 𝑆𝑖𝑧𝑒 the number of possible combinations of a parameter grid.

𝑅𝑢𝑛𝑡𝑖𝑚𝑒Grid Search with k-fold CV = 𝑇𝑖𝑚𝑒𝑚𝑜𝑑𝑒𝑙 ×𝐺𝑟𝑖𝑑 𝑆𝑖𝑧𝑒× 𝑘−𝑓𝑜𝑙𝑑𝑠 (4.1)

𝑅𝑢𝑛𝑡𝑖𝑚𝑒𝑘×𝑛 Nested CV = 𝑇𝑖𝑚𝑒𝑚𝑜𝑑𝑒𝑙 ×𝐺𝑟𝑖𝑑 𝑆𝑖𝑧𝑒× 𝑛−𝑖𝑛𝑛𝑒𝑟 𝑓𝑜𝑙𝑑𝑠× 𝑘−𝑜𝑢𝑡𝑒𝑟 𝑓𝑜𝑙𝑑𝑠 (4.2)

Algorithm Grid Size Nr. of models Runtime

Logistic Regression 450 22500 30.1 seconds

Support Vector Machine 42135 2106750 102.2 minutes

AdaBoost 40 2000 35.7 minutes

Random Forest 3168 158400 163.8 minutes

Neuronal Network 160 8000 24.4 minutes

Table 4.4: No. of models trained during algorithm eval-

uation and total runtimes per algorithm. Runtimes were

measured while doing a test during development and are

not equal to the times shown in the notebook in Ap-

pendix A.

The hyperparameter grids used can be found in Jupyter Notebook. Grid sizes vary de-

pending on the complexity of the algorithm and their possible settings. The runtimes

were measured on a MacBook Pro Retina Mid 2012 running macOS 10.14.6 using 8 log-

ical threads on an i7-3615QM CPU. scikit-learn has no native GPU support. The values

for the runtimes presented in table 4.4 were measured during a test run of the nested

cross-validation. They might vary between runs of the same program, and are therefore

to be seen as approximations to get a general idea of computing requirements.

As the results of the algorithm selection has not shown a clear algorithm with significantly

better performance than the others, the computing power needed to achieve these results



Chapter 4. Results 38

can be considered as an additional factor when evaluating performances, especially in

resource-limited settings.

Logistic Regression has a drastically shorter runtime when performing 10×5 nested cross-

validation, and also the best macro-average and second-best micro-average F1 score. Due

to no significant differences in performance when training more complex algorithms and

requiring way less computing power, Logistic Regression can be regarded as the best

performing algorithm on this data set.

4.4 Model optimization

Logistic Regression is used as a model for further optimization, as it showed high perfor-

mance metrics at a low computational cost.

4.4.1 Grid search

Due to the 𝑘-fold repetition of cross-validation when using nested cross-validation, 𝑘 best

models are created in this process. For this reason, it is necessary to build the best model

from the beginning after selecting an algorithm by performing a grid search with cross-

validation. To compare the base model and the optimized model, an 80/20 train-test-split

is done prior to grid search to evaluate the model on data unseen during training. Micro-

and macro-average F1 scores are calculated for both models. As a target score for the grid

search, the macro-average F1 score is used to select the model with the best macro-average

F1 score as best model. Both models and the function for the train-test-split are initialized

with seed=0 for reproducible results. No hyperparameters are set for the base model, so

only the default settings are used. For the grid search, the same hyperparameter grid is

used as during nested cross-validation. The results are shown in Table 4.5 and for visual

comparison, the ROC curves for both models are shown with their respective AUROC

values.

Model macro-average F1 micro-average F1
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Base model 0.73 0.75

Optimized model 0.75 0.77

Table 4.5: Performances of models before and after hy-

perparameter tuning for the used train-test-split.

Figure 4.3: ROC curves of the base and optimized model.

Only a minimal increase in performance can be achieved by hyperparameter tuning using

grid search with cross-validation. The presented results are only valid when using seed=0

for the train-test-split and model initialization. Using other seeds can result in different

results, as a model’s performance depends on the selected test data. The comparison

of these scores to the scores measured by k-fold cross-validation is limited due to the

train-test-split. For a better estimation, optimization by grid search needs to be repeated

multiple times and its average results would need to be calculated, which would be the

same process as k-fold cross-validation and would not yield an optimized model as a model

for further usage, which is the distinct goal of this step.

The inability to achieve higher scores when optimizing the models is a further indicator

that the used data set does not enable models to perform better due to samples that

cannot be clearly separated into the two classes.
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4.4.2 Feature elimination

Recursive Feature Elimination with Cross-Validation (RFECV) was performed to inves-

tigate whether a reduction in features results in a better performance. A fresh Logistic

Regression model without prior optimization was used as algorithm. Macro-average F1

score was selected as scoring parameter. The highest macro-average F1 score of 0.70 was

achieved by using the 6 features listed with Rank 1 in Table 4.6.

Figure 4.4: Graph of number of selected features and cross-validated macro F1 score.

Rank Feature Rank Feature

1 BMI 4 age

1 TMT A 5 sex

1 STROOP INT 6 STROOP FSB

1 CVLT WA1 7 STROOP FWL

1 CVLT WA2 8 CVLT A LS COR

1 vereint KL 9 CVLT DG1

2 CVLT VFW1 10 TMT B

3 CVLT VFW2 11 CVLT DG5

Table 4.6: Features ranked by RFECV. Features with

Rank 1 are those selected.
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To compare the performance when using all features and the reduced set of features, a

default model and the model optimized by grid search were scored using 5-fold cross-

validation with both sets of features.

Model No. of Features micro-average F1 macro-average F1

Base model 16 0.69± 0.07 [0.63-0.75] 0.68± 0.07 [0.62-0.74]

Base model 6 0.72± 0.07 [0.66-0.77] 0.71± 0.07 [0.65-0.77]

Optimized model 16 0.68± 0.07 [0.62-0.74] 0.67± 0.06 [0.61-0.73]

Optimized model 6 0.72± 0.08 [0.65-0.79] 0.71± 0.08 [0.64-0.78]

Table 4.7: Comparison of performance using the com-

plete (16 features) and the reduced (6 features) data set.

A minimal increase in performance can be seen, but overlapping 95% confidence intervals

suggest no statistically significant difference. Results of RFECV are similar to the results

of optimization with grid search. These results seem to be the upper performance limit

when using the available data set.

A trial with RFECV using the model optimized by grid search did yield 0.70±0.08 [0.63-

0.76] as the highest macro-average F1 score with 9 selected features.

4.5 Feature analysis

4.5.1 Feature ranking

Logistic Regression as implemented in scikit-learn performs classification by calculating

the sum of all features multiplied by the features’ coefficient, also called the feature’s

weight. If the value is greater than 0, the feature is classified as the positive label, in

this case “bipolar”, and otherwise as the negative label. Therefore, the feature coeffi-

cients have signed values: positive values add to a classification as “bipolar”’ and negative

values to a classification as “control”. The plot 4.5(a) shows the features coefficients
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of the grid-search optimized model as their signed values, and for better comparison of

the feature’s absolute contribution to a classification, the unsigned coefficient values are

shown in plot 4.5(b). The coefficient values are shown in Table 4.8. Notably, the fea-

tures “BMI”, “vereint KL” and “STROOP INT” have visually higher coefficient values

than all the other features. These three features are also selected as part of the top six

features when performing RFECV as shown in Table 4.6. The other three selected fea-

tures, “TMT A”, “CVLT WA1” and “CVLT WA2”, are also part of the top seven ranked

features by absolute coefficient with “CVLT VFW1” being the only exception.

(a) Signed values (b) Absolute values for easier comparison

Figure 4.5: Feature ranking of the optimized Logistic Regression model.

Feature Coefficient Feature Coefficient

vereint KL 0.546738 CVLT DG1 0.089955

CVLT VFW1 0.265095 STROOP FWL -0.079407

CVLT WA1 0.257938 TMT B -0.124755

age 0.196262 CVLT VFW2 -0.157302

STROOP FSB 0.152752 CVLT WA2 -0.229595

CVLT A LS COR 0.146818 TMT A -0.248136
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sex 0.131749 STROOP INT -0.491695

CVLT DG5 0.112270 BMI -0.555347

Table 4.8: Importance of features sorted by their signed

coefficient value.

Figure 4.6 shows the feature ranking encoded by cognitive test and patient information.

The three features with the highest coefficients are from the groups patient information,

d2/d2-R and Stroop Test. The order of the remaining features shows no clear pattern or

hint, that one of these tests is more important for classification than the others. This

correlates with the finding that the six features selected by RFECV as shown in table 4.6

include at least one member from every group.

Figure 4.6: Feature ranking by absolute values colored according to cognitive test.

4.5.2 Model Analysis with ELI5

The library “ELI5” is used to provide information about a classification made by a model.

To demonstrate its usage, the results for the first two elements of the test set, created

before the grid search, are used. As the model for the prediction, the grid search optimized
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Logistic Regression model is used. Figure 4.7 shows the output of the first two samples of

the test data set, which are Pat ID 125 and Pat ID 95.

The classification is made by calculating the sum of contributions, which equals each

feature’s value multiplied by its coefficient. If this sum is larger than 0, the sample is

classified as group “2” (control), else as group “1” (bipolar). The feature “<BIAS>” is

added by the model with a constant value of 1 and a weight of -0.356 for each sample.

The feature coefficients are the same as shown in Table 4.8 and therefore not displayed a

second time. During preprocessing, feature scaling was performed as described in Section

3.2.1. Therefore, the feature’s values are not the same as in the original data set file and

cannot be interpreted as their corresponding clinical values.

(a) Pat ID 125, correct prediction (b) Pat ID 95, incorrect prediction

Figure 4.7: ELI5 output of two predictions.
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The sample with Pat ID 125 is classified correctly as a member of the healthy control

group “2”. The second sample with Pat ID 95 is also a member of the healthy control

group. This sample was misclassified as “bipolar” or group “1”.

Visualizing a model’s decision using ELI5 can help understand how the model came to a

decision. Especially in a clinical context, this can help to understand why a patient was

classified as healthy or as a patient with a disease. When using the Pat ID 125 as an

example, it can be seen that the feature “vereint KL” had the largest contribution. The

original value for this feature is 297, the third highest “vereint KL” value in the data set

(min: 2.7, max: 315, mean 160.22). Looking at Table 4.8, “vereint KL” has a coefficient

of 0.546738, which is the highest positive coefficient and the second-highest coefficient

when comparing absolute numbers. When interpreting “vereint KL“ as one of the most

important features based on its high coefficient, changes in this value have a higher impact

on the model’s decision compared to, for example, the feature “sex” with a coefficient of

0.131749. When deploying a model intended for clinical application, this kind of analysis

can be provided at the same time as a prediction to understand how this prediction was

made and to possibly gain some information about the patients themselves.

4.5.3 Analysis of the three most important features

As discussed in Section 4.5.1, “BMI”, “vereint KL” and “STROOP INT” are the three

features with significantly higher coefficients than the rest and therefore contribute the

most to the classification of the model. When visually analyzing the distributions of

these features as shown in Figure 4.8, patients labelled as “bipolar” seem to have, on

average, higher values of “BMI” and “STROOP INT” and lower values of “vereint KL”.

For comparison, the feature with the lowest coefficient “STROOP FWL” is also shown.

When looking at “STROOP FWL”, both groups have a very similar range of values as

compared to larger differences in the other three plots. This might be an explanation for

the lower contribution of this feature, as overlapping values for both groups are not helpful

when trying to separate these two groups using machine learning.
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(a) Body Mass Index (b) Results of d2/d2-R

(c) Results of Stroop Test - Interference (d) Results of Stroop Test - Reading Color

Names

Figure 4.8: Boxplots showing the distributions of the top three features and

“STROOP FWL” as the feature with the lowest contribution.

To see how well a model performs when only these three features are used for classification,

a model was trained and optimized by grid search and then compared to the optimized

model from Section 4.4.1. Very notably, it reached an almost identical performance of

a macro-average F1 score of 0.74 and a micro-average F1 score of 0.77. For comparison

of these two models, ROC curves with their AUROC values are shown in Figure 4.9.

The performance of this reduced model further highlights the importance of the selected

features. Again, this exact results are only valid for this specific train-test-split of the

data.
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Figure 4.9: ROC curves of the model built with the top 3 features and the optimized

model built with all 16 features.

Bipolar disorder and obesity

As “BMI” is one of the top three features and the “BIPFAT” study researched a link

between obesity and bipolar disorder, this hypothesis is examined with the available data.

In their report on obesity from 2000, the WHO defines several categories of obesity based

on the BMI [61, Table 2.1]. When applying these criteria to the data set, 28.1% of bipolar

samples fulfil the criteria of obesity, with the smaller number of 14.5% of controls. When

including samples categorized as preobese, 64.8% of bipolar samples match these criteria,

as opposed to 36.6% of controls. The proportion of accordingly categorized samples of

the group “bipolar” is approximately the double of control samples. A visualization of

both groups and the distribution of BMI’s is shown in Figure 4.10. An important limiting

factor to this observation is that the used data set was selected manually from a larger

data set which implies a significant bias in this data, therefore these observations cannot

be generalized for bipolar disorder.
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Figure 4.10: Samples of each group colored according to their WHO obesity class.



Chapter 5

Discussion

5.1 Conclusion

Applying machine learning models on the “BIPFAT” dataset is a trial to develop new

methods for diagnosing bipolar disorder, especially to aid the early recognition of this

disorder. In the following chapter, a summary of the results of the application of machine

learning to the data set is given, as well as limitations and possible solutions and ideas for

further research are discussed.

5.1.1 Model performance

In this study, all evaluated algorithms performed equally well with only minimal dif-

ferences, with the best macro-average F1 score of 0.69 [0.66-0.73] achieved by Logistic

Regression. These only small differences can probably be attributed to the properties of

the data set.

When comparing the results of this study to the results from similar studies (Wu et al.

[25], Sawalha et al. [27], Sonkurt et al. [28]), it is relevant to select which model should

be compared. These three studies used optimized models to calculate their performance

metrics, therefore the comparison should be made with the results of the optimized model

as described in section 3.2.4. A limiting factor when comparing these results is that this

49
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is not a representation of the model’s true generalization performance, as these metrics

are optimized only for a specific selection of test data used. The small difference in

performance of the optimized model and the performance measured using nested cross-

validation allows for a comparison of the results to get an idea of how these results compare

to the results of the three studies cited, but it can be different for other subsets of the

data. Table 5.1 lists the test characteristics of the other studies and results from the

optimized model with an 80/20 train-test-split and initialization of the split method with

random state=0. The results of this study fit in well with the others. Looking at this

data suggests that is might not be possible to achieve higher classification performance by

using cognitive data alone.

Using sensitivity and specificity, likelihood ratios can be calculated for the results of the

optimized model. When using these ratios to calculate pre-test and post-test probabilities,

the resulting positive likelihood ratio (LR+) of 2.56 increases the probability of having

bipolar disorder by approximately 15 to 20% after a positive classification as bipolar

disorder, and the negative likelihood ratio (LR-) of 0.27 decreases the probability by 25

to 30% [62]. When implemented as a diagnostic test, a model with a similar performance

can contribute to the overall diagnostic process, but cannot be used as a single tool for

making diagnoses.

Study Best Algorithm Accuracy F1 (macro) Sensitivity Specificity AUROC

Sonkurt et al. [28] Modified O-PCF 0.78 0.80 0.80 0.76 0.78

Wu et al. [25] LASSO 0.71 0.73* 0.76 0.67 0.71

Sawalha et al. [27] (Chronic BPD) Linear SVM 0.77 0.76* 0.76 0.77 N/A

Sawalha et al. [27] (First Episode) Linear SVM 0.77*+ 0.77* 0.75 0.79 0.77

ML4BP Log. Regression 0.77 0.75 0.82 0.68 0.84

Table 5.1: Results of the similar studies and this thesis. * Metrics calculated based on

given confusion matrices. +Accuracy given as 0.76 in original paper.
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5.1.2 Data set

The performance of machine learning models depends to a large extent on the quality of

the underlying data. Based on this, the assumption that better data leads to better results

can be made.

The evaluation of algorithms resulted in very similar performance, with no algorithm

performing considerably better than the rest. This observation leads to the conclusion

that every algorithm is suited for this particular task, and that the underlying data might

not allow for a better classification of bipolar and healthy patients using the available

data. The inability to find clearly visible clusters in the data when applying PCA and t-

SNE also fits this picture. With the assumption that these plots are a valid 2-dimensional

projection of the 16-dimensional feature space, regions where one class is dominant and

areas where both classes are mixed can be observed. In the regions with class dominance,

outliers from the other class can be detected. This can be best seen in the t-SNE plots

with perplexities of 10 and 50 shown in figure 4.2. When assuming that classification of

these outliers results in misclassification and that gains in performance are made when

optimizing for regions of mixed classes, this might explain why no significant gains in

performance could be made by model optimization and why the results for all algorithms

are similar. Dimensionality reduction and clustering might therefore be a tool to guess if

a data set will achieve good results before applying it to machine learning. This approach

could be used to reduce the effort necessary to find high quality data sets with additional

features for future studies.

5.1.3 Limitations

The data set used for this thesis is a manually selected subset of patient from the “BIPFAT”

study. The data was selected explicitly for this classification task to get a data set with

an almost equal number of male and female samples. This is a limitation, as classification

of a manually selected data set using machine learning adopts potential bias in the data.

Therefore, the results of this study are only valid for this specific data set and might not

be generalizable for classification of unselected patients.
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Another limitation might be that if patients are given the wrong diagnosis in the data

set, the machine learning model learns the false diagnosis as correct and might classify

future patients with similar features incorrectly. As this approach is tested for aiding the

diagnosis and possibly the early recognition of bipolar disorder, the underlying data set

must be free of errors to avoid introducing false classifications into the model.

5.1.4 Considerations for the implementation in clinical use

Model optimization is implemented in scikit-learn to maximize the performance of a met-

ric, which can be defined as desired. In this study, the F1 score was chosen as it is a

balanced metric of precision and recall and allows for an easy comparison of different

models. Accuracy and F1 score are commonly used to evaluate machine learning models,

but metrics like sensitivity, specificity, positive (LR+) or negative (LR-) likelihood ratio

might be more useful in the context of a medical application. Which of those metrics

should be used depends entirely on the context in which a machine learning application

might be put into practice. A possible scenario could be the implementation of a screen-

ing program for early recognition of bipolar disorder used by general practitioners. This

scenario might require the optimization for maximum specificity to generate as few false

positive tests as possible. In a scenario, where machine learning is used as a diagnostic

test to aid decision-making, optimizing the model to achieve a maximum LR+ to achieve

a high post-test probability might be desirable. Any real-live clinical application should

therefore have a specific purpose and should then be optimized to maximize the model’s

performance as required by optimizing for certain metrics.

When looking at the performance of an algorithm in combination with the complexity

and requirement of computing power of said algorithm, Logistic Regression showed the

best F1 score and the shortest runtime required for the model. This consideration might

be relevant in settings where only low computing power is available. In a setting where

a machine learning model is used in a clinical context, this might be less relevant as the

training only needs to be done once and a single classification task is not going to strain

the resources of this environment. In case of frequent updates of the model with new data,

this might become relevant. When implementing such a model, a cloud-based approach
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could be taken where the model is run on a high-performance server where all calculations

are made, taking into account data protection regulations.

5.1.5 Proposals for further research

The features of the data set used is a selection of all features from the original “BIPFAT”

study and is only focused on cognitive data. A more exploratory approach might be to use

the complete data set and train machine learning models, and the subsequently perform

feature analysis and selection to find out which features are relevant for classification and

which can be excluded. Using such an approach, completely new features and clinical

measures, like for example laboratory values, vital signs, imaging data or possibly subjec-

tive and self-reported mood states, could be identified which might have a future role in

the diagnosis of bipolar disorder. Alternatively, such an analysis could help speed up the

diagnostic process by eliminating the necessity to perform tests and examinations which

do not add any useful information for the diagnosis of bipolar disorder. Similar to the

results by Ma et al. [36], this could be used to simplify diagnostic criteria and therefore

improve patient care.

This approach was basically done by building the model with only the three features with

the highest importance coefficients. As this model has an almost equal performance when

compared to the model with all 16 features, it can be assumed that using such a simplified

model as a tool for decision-making in a clinical context would have similar accuracy as the

original model. This reduced model represents an interesting finding, as the features used

are “BMI” and the results of only two out of four cognitive tests used in the “BIPFAT”

study. The BMI can be easily measured, and requiring only two cognitive tests to reach the

same diagnostic accuracy means that the time and the administrative and logistic effort

required to gather the necessary information can be drastically reduced. When applied in

a clinical setting or as a low-threshold screening tool, such a diagnostic aid can be helpful

and play a future role in the early recognition of bipolar disorder. Using this finding as

a basis for further research, this approach could be expanded by analyzing the complete

“BIPFAT” data set to gain further insight into the data and possibly find other features

with high contribution to the classification which, as a result, make the diagnosis easier

and faster.
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In this study, results from only one execution of the cognitive tests is used for classification.

An approach to possibly improve the early recognition of bipolar disorder could be to look

at cognitive performance over a longer period of time. A machine learning model could

be trained to recognize changes in performance which might indicate the progression of

the disease, or even could identify episodes before they manifest. Such an approach would

require to gather a large amount of data from patients and controls over a long period of

time to produce viable results.

To validate results of all these possible approaches, prospective validation should be done

before using machine learning in clinical context.

5.2 Outlook

The objective of this thesis was to test how well machine learning performs when being

applied to the task of classifying healthy controls from patients with bipolar disorder

when using results from cognitive tests and basic patient information. A macro-average

F1 score of 0.75 was reached when measuring a highly optimized model. A model with such

a performance might not yet be suited for application in a clinical context, but it suggests

what is possible with the available data and technology. Due to the ongoing digitization

of medicine, more data becomes available every day. Using the approach tested in this

thesis and expanding the data set with newly gathered information might lead to improved

classification performance and maybe one day to a real-world application where such a

model is used to actively support clinicians in decision-making and the diagnosis of bipolar

disorder, which subsequently can lead to improved patient care. It should therefore be

an objective of every healthcare system to develop ways for the automated collection of

unbiased data to fully harness the potential of machine learning and other applications of

artificial intelligence.
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Appendix A

Jupyter Notebook

63



/Library/Frameworks/Python.framework/Versions/3.9/lib/python3.9/site-
packages/sklearn/utils/deprecation.py:143: FutureWarning: The
sklearn.metrics.scorer module is deprecated in version 0.22 and will be removed
in version 0.24. The corresponding classes / functions should instead be
imported from sklearn.metrics. Anything that cannot be imported from
sklearn.metrics is now part of the private API.
warnings.warn(message, FutureWarning)

/Library/Frameworks/Python.framework/Versions/3.9/lib/python3.9/site-
packages/sklearn/utils/deprecation.py:143: FutureWarning: The
sklearn.feature_selection.base module is deprecated in version 0.22 and will be
removed in version 0.24. The corresponding classes / functions should instead be
imported from sklearn.feature_selection. Anything that cannot be imported from
sklearn.feature_selection is now part of the private API.
warnings.warn(message, FutureWarning)

[2]: def calc_ci(sample, z_val=1.96, digits=2):
"""
Returns the confidence interval for a sample as string with the format:␣

↪→[lower-upper]

Parameters
---------
sample : array

sample of values for confidence interval calculation
z_val : floar, default=1.96

z-value for confidence interval
digits : int, default=2

number of digits to round

Returns
-------
string of the CI in the format [lower-upper]
"""
mean = sample.mean()
std = sample.std()
se = std / np.sqrt(len(sample))
return "[{}-{}]".format(round(mean - se * z_val, digits), round(mean + se *␣

↪→z_val, digits))

1 Loading the data set for descriptive analysis

[3]: # check which OS to load from correct path
os = platform.system()
if os == 'Darwin':

# path to vault for macOS
ml4bp = pd.read_csv(

"/Volumes/tresorML4BP/Data/BIPFAT 15.09.2020 kOGINTION_SELCTED.CSV", sep=';')
# Windows
else:

ml4bp = pd.read_csv(
"G:\Data\BIPFAT 15.09.2020 kOGINTION_SELCTED.CSV", sep=';')
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# drop the last line (empty values)
ml4bp.drop(ml4bp.tail(1).index, inplace=True)

# drop Patient ID and group from DataFrame
ml4bp = ml4bp.drop(["Pat_ID"], axis=1)

2 Descriptive statistics

2.1 Descrpitve statistics for every column of the data set

[4]: # nr. of samples in both groups
ml4bp.group.value_counts()

[4]: 1.0 196
2.0 145
Name: group, dtype: int64

[5]: # separated into two views for better readability
# 50% percentile = median
ml4bp.iloc[:, :9].describe(percentiles=[.5])

[5]: age sex group BMI TMT_A TMT_B \
count 336.000000 336.000000 341.000000 336.000000 341.000000 338.000000
mean 41.186310 1.529762 1.425220 26.426964 31.966921 73.483580
std 14.779413 0.499858 0.495103 5.760030 13.764583 39.684469
min 17.890000 1.000000 1.000000 17.530000 10.760000 24.200000
50% 38.515000 2.000000 1.000000 25.150000 29.000000 64.970000
max 77.950000 2.000000 2.000000 57.130000 105.300000 309.940000

STROOP_FWL STROOP_FSB STROOP_INT
count 334.000000 334.000000 334.000000
mean 30.658892 47.156976 75.906467
std 5.937043 8.900113 20.059469
min 18.900000 25.900000 36.300000
50% 29.785000 45.970000 72.195000
max 53.440000 92.870000 176.000000

[6]: # 50% percentile = median
ml4bp.iloc[:, 9:].describe(percentiles=[.5])

[6]: CVLT_A_LS_COR CVLT_DG1 CVLT_DG5 CVLT_VFW1 CVLT_WA1 \
count 239.000000 337.000000 337.000000 334.000000 334.000000
mean 54.820084 7.771513 13.192878 11.467066 12.416168
std 12.299017 5.527907 2.720329 3.426245 5.093467
min 14.000000 1.000000 6.000000 2.000000 2.000000
50% 56.000000 7.000000 14.000000 12.000000 13.000000
max 81.000000 97.000000 16.000000 16.000000 86.000000

CVLT_VFW2 CVLT_WA2 vereint_KL
count 333.000000 333.000000 322.000000
mean 12.087087 12.489489 160.225776
std 3.456474 3.187520 52.746820
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min 2.000000 3.000000 2.700000
50% 13.000000 13.000000 156.500000
max 16.000000 16.000000 315.000000

2.2 Number of missing values for each feature

[7]: print(ml4bp.isnull().sum(axis=0))

age 5
sex 5
group 0
BMI 5
TMT_A 0
TMT_B 3
STROOP_FWL 7
STROOP_FSB 7
STROOP_INT 7
CVLT_A_LS_COR 102
CVLT_DG1 4
CVLT_DG5 4
CVLT_VFW1 7
CVLT_WA1 7
CVLT_VFW2 8
CVLT_WA2 8
vereint_KL 19
dtype: int64

2.3 Descriptive statistics for each feature per group/sex

Varying counts are due to missing values of this feature

[8]: # 50% percentile = median, precision set to .01
for column in ml4bp:

# skip group
if str(column) != 'group':

print(ml4bp.filter(['group', column], axis=1).groupby(
['group']).describe(include='all', percentiles=[.5]).round(2))

print() # empty line

age
count mean std min 50% max

group
1.0 195.0 44.17 13.67 17.89 43.78 77.95
2.0 141.0 37.07 15.30 18.86 30.20 76.56

sex
count mean std min 50% max

group
1.0 195.0 1.45 0.50 1.0 1.0 2.0
2.0 141.0 1.64 0.48 1.0 2.0 2.0

BMI
count mean std min 50% max

66



group
1.0 195.0 27.90 6.10 18.69 26.79 57.13
2.0 141.0 24.39 4.55 17.53 23.26 43.06

TMT_A
count mean std min 50% max

group
1.0 196.0 36.03 14.41 13.27 32.96 105.3
2.0 145.0 26.47 10.65 10.76 24.43 71.7

TMT_B
count mean std min 50% max

group
1.0 193.0 84.16 45.62 31.2 72.0 309.94
2.0 145.0 59.28 23.55 24.2 55.0 168.00

STROOP_FWL
count mean std min 50% max

group
1.0 189.0 31.99 6.12 18.9 31.00 50.18
2.0 145.0 28.93 5.23 20.5 27.95 53.44

STROOP_FSB
count mean std min 50% max

group
1.0 189.0 49.28 8.83 31.0 48.00 79.00
2.0 145.0 44.39 8.23 25.9 43.05 92.87

STROOP_INT
count mean std min 50% max

group
1.0 189.0 82.45 22.43 39.97 77.00 176.00
2.0 145.0 67.38 12.01 36.30 67.07 108.54

CVLT_A_LS_COR
count mean std min 50% max

group
1.0 130.0 51.33 12.29 22.0 51.0 81.0
2.0 109.0 58.98 10.99 14.0 61.0 78.0

CVLT_DG1
count mean std min 50% max

group
1.0 192.0 6.90 2.45 1.0 6.5 15.0
2.0 145.0 8.93 7.81 2.0 8.0 97.0

CVLT_DG5
count mean std min 50% max

group
1.0 192.0 12.42 2.87 6.0 13.0 16.0
2.0 145.0 14.22 2.12 6.0 15.0 16.0

CVLT_VFW1
count mean std min 50% max
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group
1.0 189.0 10.37 3.44 2.0 11.0 16.0
2.0 145.0 12.90 2.84 3.0 14.0 16.0

CVLT_WA1
count mean std min 50% max

group
1.0 189.0 11.25 3.20 2.0 12.0 16.0
2.0 145.0 13.94 6.52 4.0 14.0 86.0

CVLT_VFW2
count mean std min 50% max

group
1.0 189.0 11.17 3.52 2.0 12.0 16.0
2.0 144.0 13.28 2.99 2.0 14.0 16.0

CVLT_WA2
count mean std min 50% max

group
1.0 189.0 11.62 3.27 3.0 12.0 16.0
2.0 144.0 13.63 2.68 3.0 14.0 16.0

vereint_KL
count mean std min 50% max

group
1.0 186.0 139.81 44.82 28.0 138.0 270.0
2.0 136.0 188.14 50.03 2.7 186.5 315.0

3 Reloading the data set from scratch and performing imputation and
preprocessing

[9]: # check which OS to load from correct path
os = platform.system()
if os == 'Darwin':

# path to vault for macOS
ml4bp = pd.read_csv(

"/Volumes/tresorML4BP/Data/BIPFAT 15.09.2020 kOGINTION_SELCTED.CSV", sep=';')
# Windows
else:

ml4bp = pd.read_csv(
"G:\Data\BIPFAT 15.09.2020 kOGINTION_SELCTED.CSV", sep=';')

# drop the last line (empty values)
ml4bp.drop(ml4bp.tail(1).index, inplace=True)

# save column group as y (classes)
y = ml4bp.group
# drop Patient ID and group from DataFrame before storing in X (features)
ml4bp = ml4bp.drop(["Pat_ID"], axis=1)
ml4bp = ml4bp.drop(["group"], axis=1)
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# save resulting DF as X
X = ml4bp.loc[:]

# imputation and preprocessing
# impute missing sex with random sex 1 or 2 before SimpleImputer is called
# to avoid imputation with float value between 1 and 2
# set randint(1,3) for random 1 or 2
# fixed seed for reproducible results between multiple runs
np.random.seed(0)
X['sex'] = X['sex'].apply(

lambda x: np.random.randint(1, 3) if (np.isnan(x)) else x)
# impute all NaN's with the columns mean value
X = SimpleImputer(missing_values=np.nan, strategy='mean').fit_transform(X)
# Scaling with StandardScaler
X = StandardScaler().fit_transform(X)

4 Clustering analysis and dimensionality reduction

4.1 Principal Component Analysis

[10]: # calculates pca with n_components = n_features and lists the results in descending␣
↪→order

pca_model = PCA().fit(X)
pca_model.transform(X)
n_pcs = pca_model.components_.shape[0]
most_important_features = [

np.abs(pca_model.components_[i]).argmax() for i in range(n_pcs)]
initial_feature_names = ml4bp.columns
most_important_names = [

initial_feature_names[most_important_features[i]] for i in range(n_pcs)]
pca_result = {'PC{}'.format(i): most_important_names[i] for i in range(n_pcs)}
pca_result_DF = pd.DataFrame(pca_result.items(), columns=['PC', 'feature'])
# add all ratios of explained variances for each PC to DataFrame
pca_result_DF['variance ratio'] = pca_model.explained_variance_ratio_
pca_result_DF

[10]: PC feature variance ratio
0 PC0 CVLT_VFW1 0.436010
1 PC1 STROOP_FSB 0.108661
2 PC2 sex 0.071194
3 PC3 BMI 0.064334
4 PC4 CVLT_DG1 0.055407
5 PC5 BMI 0.048681
6 PC6 CVLT_WA1 0.037827
7 PC7 CVLT_WA1 0.035407
8 PC8 vereint_KL 0.032666
9 PC9 STROOP_INT 0.025062
10 PC10 TMT_B 0.024625
11 PC11 CVLT_A_LS_COR 0.020803
12 PC12 STROOP_FSB 0.014341
13 PC13 CVLT_DG5 0.010996
14 PC14 CVLT_VFW1 0.008884
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15 PC15 CVLT_VFW2 0.005102

[11]: # 2 component PCA and visualization in 2D-Plot
pca = PCA(n_components=2)
principalComponents = pca.fit_transform(X)
pcaDF = pd.DataFrame(data=principalComponents, columns=[

'principal component 1', 'principal component 2'])
y_df = pd.DataFrame(y)
pca_result_DF = pd.concat([pcaDF, y], axis=1)

# plot
fig = plt.figure(figsize=(8, 8))
ax = fig.add_subplot(1, 1, 1)
ax.set_xlabel('Principal Component 1', fontsize=15)
ax.set_ylabel('Principal Component 2', fontsize=15)
ax.set_title('2 component PCA', fontsize=20)
targets = [1.0, 2.0]
colors = ['r', 'g']
for target, color in zip(targets, colors):

indicesToKeep = pca_result_DF['group'] == target
ax.scatter(pca_result_DF.loc[indicesToKeep, 'principal component 1'],

pca_result_DF.loc[indicesToKeep, 'principal component 2'], c=color,␣
↪→s=50)

ax.legend(targets)
ax.grid()
plt.show()
print("Components: \n" + str(abs(pca.components_)))
print("PCA explained variance ratio: "+str(pca.explained_variance_ratio_))
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Components:
[[0.21540464 0.11651393 0.12806592 0.24093066 0.25721079 0.22083169
0.20956156 0.25460504 0.27935676 0.15637777 0.32456945 0.3278435
0.22900379 0.32037383 0.32373513 0.25827433]

[0.11380785 0.20911653 0.04657783 0.23496649 0.24791147 0.37098692
0.377936 0.3598652 0.18964392 0.02783 0.19791834 0.24665101
0.26176008 0.28308908 0.2499337 0.25814141]]

PCA explained variance ratio: [0.43600968 0.10866097]

4.2 t-SNE

[12]: # t-SNE plot of the date, perplexity influences the shape
fig, (ax1, ax2, ax3) = plt.subplots(1, 3, figsize=(15, 5))
perplexities = [10, 50, 100]
axes = [ax1, ax2, ax3]
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for i in range(3):
tsne_DF = pd.DataFrame(X)
tsne_DF['Group'] = y

#fig = plt.figure(figsize=(10,20))
tsne = manifold.TSNE(perplexity=perplexities[i], n_iter=1000, n_jobs=-

1, random_state=0, n_components=2)
tsne = tsne.fit_transform(tsne_DF)
# rename groups for correct labeling in plot
tsne_DF.loc[(tsne_DF.Group == 1), 'Group'] = "Bipolar"
tsne_DF.loc[(tsne_DF.Group == 2), 'Group'] = "Control"
plot = sns.scatterplot(

x=tsne[:, 0],
y=tsne[:, 1],
hue="Group",
data=tsne_DF,
palette='deep',
ax=axes[i],

)
axes[i].set_title("Perplexity: "+str(perplexities[i]))

plt.show()

5 Algorithm selection using nested cross-validation

5.1 Classifiers and ParameterGrid’s

[13]: # classifiers
classifier_names = ("LogReg", "SVC", "AdaBoost", "RF", "FFNN")
clf_logreg = LogisticRegression(random_state=0)
clf_svc = SVC(random_state=0)
clf_ada = AdaBoostClassifier(random_state=0)
clf_rf = RandomForestClassifier(random_state=0)
clf_nn = MLPClassifier(random_state=0)

# pipelines (redundant as data is already scaled)
# pipelines
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pipeline_logreg = Pipeline([('std', StandardScaler()),
('c_logreg', clf_logreg)])

pipeline_svc = Pipeline([('std', StandardScaler()),
('c_svc', clf_svc)])

pipeline_ada = Pipeline([('std', StandardScaler()),
('c_ada', clf_ada)])

pipeline_rf = Pipeline([('std', StandardScaler()),
('c_rf', clf_rf)])

pipeline_nn = Pipeline([('std', StandardScaler()),
('c_nn', clf_nn)])

# Parameter Grids
# Logistic Regression
param_grid_logreg = [{'c_logreg__penalty': ['l1', 'l2', 'elasticnet'],

'c_logreg__C': np.logspace(-4, 4, 50),
'c_logreg__solver': ['newton-cg', 'lbfgs', 'liblinear'],
}]

# SVC
param_grid_svc = [{'c_svc__C': np.append(np.logspace(1, -3, 50), [10, 1, 0.1]),

'c_svc__gamma': np.append(np.logspace(1, -3, 50), [10, 1, 0.1]),
'c_svc__kernel': ['rbf', 'poly', 'linear'],
'c_svc__degree': [1, 2, 3, 4, 5]}]

# adaboost
param_grid_ada = {'c_ada__n_estimators': [10, 50, 100, 200, 500, 1000, 2000, 3000,␣

↪→4000, 5000],
'c_ada__learning_rate': [.001, 0.01, .1, 1]}

# random forrest
param_grid_rf = {

'c_rf__bootstrap': [True, False],
'c_rf__max_depth': [10, 20, 30, 40, 50, 60, 70, 80, 90, 100, None],
'c_rf__max_features': ['sqrt'],
'c_rf__min_samples_leaf': [1, 2, 4],
'c_rf__min_samples_split': [2, 5, 10],
'c_rf__n_estimators': [10, 20, 30, 50, 100, 150, 200, 400],
'c_rf__oob_score': [True, False]} # , 600, 800, 1000, 1200, 1400, 1600, 1800,␣

↪→2000]}

# neuronal net
param_grid_nn = {'c_nn__hidden_layer_sizes': [(100,), (50,), (100, 100), (50, 50),␣

↪→(100, 50), (100, 100, 100), (50, 50, 50), (100, 50, 50), (10, 30, 10), (20,)],
'c_nn__activation': ['tanh', 'relu'],
'c_nn__solver': ['sgd', 'adam'],
'c_nn__alpha': [0.0001, 0.05],
'c_nn__learning_rate': ['constant', 'adaptive'], }

5.1.1 inner CV

[14]: # define folds
inner_cv = KFold(n_splits=5, shuffle=True, random_state=0)

gridcvs = {}
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# create inner folds
for pgrid, est, name in zip((param_grid_logreg, param_grid_svc, param_grid_ada,␣

↪→param_grid_rf, param_grid_nn),
(pipeline_logreg, pipeline_svc,
pipeline_ada, pipeline_rf, pipeline_nn),

classifier_names):

# gridsearch by optimizing for model with best f1-score for label '1'=biploar
# (no averaging)
gridsearch = GridSearchCV(estimator=est,

param_grid=pgrid,
scoring='f1_macro',
n_jobs=-1,
cv=inner_cv,
verbose=1,
refit=True)

gridcvs[name] = gridsearch

5.1.2 outer CV

[15]: # create outer folds
outer_cv = KFold(n_splits=10, shuffle=True, random_state=0)
# scores to calculate
scores = ["accuracy", "f1", "f1_macro", "f1_micro", "f1_weighted", 'roc_auc']

for name, gs_estimator in gridcvs.items():
# cross validate and calculate all scores
nested_score = cross_validate(gs_estimator,

X=X,
y=y,
cv=outer_cv,
n_jobs=-1,
verbose=1,
scoring=scores)

# print detailed scores
# print(nested_score)
print(name)
# print meam of all scores + stddev
for score in scores:

print("{}: score: {:.2f} +/- {:.2f} 95% CI {}".format(score,
␣

↪→round(nested_score["test_" +
␣

↪→score].mean(), 2),
␣

↪→round(nested_score["test_" +
␣

↪→score].std(), 2),
␣

↪→calc_ci(nested_score["test_"+score])))

[Parallel(n_jobs=-1)]: Using backend LokyBackend with 8 concurrent workers.
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[Parallel(n_jobs=-1)]: Done 6 out of 10 | elapsed: 32.6s remaining: 21.7s
[Parallel(n_jobs=-1)]: Done 10 out of 10 | elapsed: 49.2s finished
[Parallel(n_jobs=-1)]: Using backend LokyBackend with 8 concurrent workers.

LogReg
accuracy: score: 0.70 +/- 0.06 95% CI [0.67-0.74]
f1: score: 0.72 +/- 0.07 95% CI [0.68-0.77]
f1_macro: score: 0.69 +/- 0.06 95% CI [0.66-0.73]
f1_micro: score: 0.70 +/- 0.06 95% CI [0.67-0.74]
f1_weighted: score: 0.70 +/- 0.06 95% CI [0.67-0.74]
roc_auc: score: 0.78 +/- 0.06 95% CI [0.75-0.82]

[Parallel(n_jobs=-1)]: Done 6 out of 10 | elapsed: 75.7min remaining: 50.5min

SVC
accuracy: score: 0.69 +/- 0.07 95% CI [0.65-0.73]
f1: score: 0.73 +/- 0.07 95% CI [0.69-0.78]
f1_macro: score: 0.68 +/- 0.06 95% CI [0.64-0.72]
f1_micro: score: 0.69 +/- 0.07 95% CI [0.65-0.73]
f1_weighted: score: 0.69 +/- 0.07 95% CI [0.65-0.73]
roc_auc: score: 0.77 +/- 0.07 95% CI [0.73-0.81]

[Parallel(n_jobs=-1)]: Done 10 out of 10 | elapsed: 103.4min finished
[Parallel(n_jobs=-1)]: Using backend LokyBackend with 8 concurrent workers.
[Parallel(n_jobs=-1)]: Done 6 out of 10 | elapsed: 24.5min remaining: 16.3min

AdaBoost
accuracy: score: 0.69 +/- 0.05 95% CI [0.66-0.72]
f1: score: 0.73 +/- 0.07 95% CI [0.69-0.78]
f1_macro: score: 0.67 +/- 0.05 95% CI [0.64-0.69]
f1_micro: score: 0.69 +/- 0.05 95% CI [0.66-0.72]
f1_weighted: score: 0.68 +/- 0.05 95% CI [0.65-0.71]
roc_auc: score: 0.78 +/- 0.04 95% CI [0.75-0.8]

[Parallel(n_jobs=-1)]: Done 10 out of 10 | elapsed: 37.9min finished
[Parallel(n_jobs=-1)]: Using backend LokyBackend with 8 concurrent workers.
[Parallel(n_jobs=-1)]: Done 6 out of 10 | elapsed: 109.1min remaining:
72.7min

RF
accuracy: score: 0.69 +/- 0.06 95% CI [0.65-0.73]
f1: score: 0.74 +/- 0.07 95% CI [0.7-0.78]
f1_macro: score: 0.68 +/- 0.06 95% CI [0.64-0.71]
f1_micro: score: 0.69 +/- 0.06 95% CI [0.65-0.73]
f1_weighted: score: 0.69 +/- 0.06 95% CI [0.65-0.73]
roc_auc: score: 0.77 +/- 0.07 95% CI [0.73-0.81]

[Parallel(n_jobs=-1)]: Done 10 out of 10 | elapsed: 171.5min finished
[Parallel(n_jobs=-1)]: Using backend LokyBackend with 8 concurrent workers.
[Parallel(n_jobs=-1)]: Done 6 out of 10 | elapsed: 18.4min remaining: 12.3min

FFNN
accuracy: score: 0.70 +/- 0.08 95% CI [0.65-0.74]
f1: score: 0.73 +/- 0.09 95% CI [0.68-0.79]
f1_macro: score: 0.68 +/- 0.07 95% CI [0.64-0.73]
f1_micro: score: 0.70 +/- 0.08 95% CI [0.65-0.74]
f1_weighted: score: 0.70 +/- 0.08 95% CI [0.65-0.74]
roc_auc: score: 0.76 +/- 0.06 95% CI [0.72-0.8]
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[Parallel(n_jobs=-1)]: Done 10 out of 10 | elapsed: 26.9min finished

5.2 Optimiziation using Grid Search

An 80/20 train-test-split is used, random_state=0 for reproduce the results during multiple runs

[16]: # defining the models
base_model = LogisticRegression(random_state=0)
tuned_model = LogisticRegression(random_state=0)

# split
X_train, X_test, y_train, y_test = train_test_split(

X, y, test_size=0.2, random_state=0)

# training and scoring of base model
base_model.fit(X_train, y_train)
print("Base model")
print(classification_report(base_model.predict(X_test), y_test))
print("AUC: {:.3f}".format(roc_auc_score(

y_test, base_model.decision_function(X_test))))

# optimzing the second model using gridsearch and scoring
# defining the parameter grid
param_grid = [{'clf__penalty': ['l1', 'l2', 'elasticnet'],

'clf__C': np.logspace(-4, 4, 50),
'clf__solver': ['newton-cg', 'lbfgs', 'liblinear'],
}]

# making a pipeline (redundant due to prior scaling)
pipeline = Pipeline([('std', StandardScaler()),

('clf', tuned_model)])

# gridsearch, optimizing for best label "1" f1-score
grid = GridSearchCV(pipeline, param_grid, scoring='f1_macro',

refit=True, verbose=1, n_jobs=-1, cv=5)
grid.fit(X_train, y_train)

# scoring and best parameters
print("Tuned model")
print(classification_report(grid.predict(X_test), y_test))
print(grid.best_params_)
print(grid.best_estimator_)
print("AUC: {:.3f}".format(roc_auc_score(

y_test, grid.decision_function(X_test))))

# plot ROC curves for base and optimized model
ax = plt.gca()
# calculate ROC's
gridroccurve = plot_roc_curve(grid.best_estimator_, X_test, y_test, ax=ax)
baseroccurve = plot_roc_curve(base_model, X_test, y_test, ax=ax)
# get legend and set custom labels
legend = plt.legend().get_texts()
# some string magic to get AUROC from original legend
legend[0].set_text('Optimized model (AUC = {})'.format(
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str(legend[0]).split()[-1][0:4]))
legend[1].set_text('Base model (AUC = {})'.format(

str(legend[1]).split()[-1][0:4]))
plt.show()

Base model
precision recall f1-score support

1.0 0.82 0.80 0.81 45
2.0 0.64 0.67 0.65 24

accuracy 0.75 69
macro avg 0.73 0.73 0.73 69

weighted avg 0.76 0.75 0.75 69

AUC: 0.831
Fitting 5 folds for each of 450 candidates, totalling 2250 fits

[Parallel(n_jobs=-1)]: Using backend LokyBackend with 8 concurrent workers.
[Parallel(n_jobs=-1)]: Done 60 tasks | elapsed: 0.5s
[Parallel(n_jobs=-1)]: Done 2146 tasks | elapsed: 4.4s
[Parallel(n_jobs=-1)]: Done 2250 out of 2250 | elapsed: 4.6s finished

Tuned model
precision recall f1-score support

1.0 0.82 0.82 0.82 44
2.0 0.68 0.68 0.68 25

accuracy 0.77 69
macro avg 0.75 0.75 0.75 69

weighted avg 0.77 0.77 0.77 69

{'clf__C': 0.18420699693267145, 'clf__penalty': 'l2', 'clf__solver':
'liblinear'}
Pipeline(steps=[('std', StandardScaler()),

('clf',
LogisticRegression(C=0.18420699693267145, random_state=0,

solver='liblinear'))])
AUC: 0.835
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[17]: # Scoring of the base model with cross-validation as estimation of genealization␣
↪→performance

print("Base model")
base_model = LogisticRegression(random_state=0)
scores = cross_val_score(base_model, X, y, scoring='f1_micro')
print("5-fold F1_micro: {} +- {} {}".format(round(scores.mean(), 2),

round(scores.std(), 2), calc_ci(scores)))
scores = cross_val_score(base_model, X, y, scoring='f1_macro')
print("5-fold F1_macro: {} +- {} {}".format(round(scores.mean(), 2),

round(scores.std(), 2), calc_ci(scores)))

# Scoring of the optimized model with cross-validation as estimation of␣
↪→genealization performance

print("Tuned model")
scores = cross_val_score(grid.best_estimator_, X, y, scoring='f1_micro')
print("5-fold F1_micro: {} +- {} {}".format(round(scores.mean(), 2),

round(scores.std(), 2), calc_ci(scores)))
scores = cross_val_score(grid.best_estimator_, X, y, scoring='f1_macro')
print("5-fold F1_macro: {} +- {} {}".format(round(scores.mean(), 2),

round(scores.std(), 2), calc_ci(scores)))

Base model
5-fold F1_micro: 0.69 +- 0.07 [0.63-0.75]
5-fold F1_macro: 0.68 +- 0.07 [0.62-0.74]
Tuned model
5-fold F1_micro: 0.68 +- 0.07 [0.63-0.74]
5-fold F1_macro: 0.67 +- 0.06 [0.62-0.73]
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5.3 Optimization using Feature Selection

5.3.1 Recursive feature elimination with cross-validation

Evaluation using base model and best model from gridsearch

[18]: base_model = LogisticRegression(random_state=0)
model = LogisticRegression(random_state=0)

rfecv = RFECV(estimator=LogisticRegression(), step=1,
cv=5, scoring='f1_macro', n_jobs=-1,)

#rfecv.fit(X_test, y_test)
rfecv.fit(X, y)
print("Optimal number of features : %d" % rfecv.n_features_)
print(

"Max. macro-avg F1 score: {:.2f}".format(round(np.max(rfecv.grid_scores_), 2)))

# Plot number of features VS. cross-validation scores
plt.figure()
plt.xlabel("Number of features selected")
plt.ylabel("Cross validation score (macro F1)")
plt.plot(range(1, len(rfecv.grid_scores_) + 1), rfecv.grid_scores_)
plt.show()

# print and sort features by rank, rank=1 for all selected features
rfe_selected = pd.DataFrame({'rank': rfecv.ranking_, 'feature': ml4bp.columns})
rfe_selected.sort_values(by=['rank'], inplace=True)
print(rfe_selected)

# reduce data set to selected features
X_reduced = rfecv.transform(X)

# performance comparison
# base model, all features, no optimization
print("\nBase model: all 16 features, no prior hyperparameter tuning")
base_model.fit(X, y)
base_scores = cross_val_score(base_model, X, y, scoring='f1_micro')
print("5-fold F1_micro for complete data set: {} +- {} {}".format(

round(base_scores.mean(), 2), round(base_scores.std(), 2), calc_ci(base_scores)))
base_scores = cross_val_score(base_model, X, y, scoring='f1_macro')
print("5-fold F1_macro for complete data set: {} +- {} {}".format(

round(base_scores.mean(), 2), round(base_scores.std(), 2), calc_ci(base_scores)))

# base model after reduced data set by RFECV
print("\nBase model: reduced to {} features, no prior hyperparameter tuning".format(

rfecv.n_features_))
base_model.fit(X_reduced, y)
base_reduced_score = cross_val_score(

base_model, X_reduced, y, scoring='f1_micro')
print("5-fold F1_micro for reduced data set: {} +- {} {}".format(

round(base_reduced_score.mean(), 2), round(base_reduced_score.std(), 2),␣
↪→calc_ci(base_reduced_score)))

base_reduced_score = cross_val_score(
base_model, X_reduced, y, scoring='f1_macro')
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print("5-fold F1_macro for reduced data set: {} +- {} {}".format(
round(base_reduced_score.mean(), 2), round(base_reduced_score.std(), 2),␣

↪→calc_ci(base_reduced_score)))

# RFEVC model with reduced data set
print("\nRFECV model with {} features, no prior hyperparameter tuning".format(

rfecv.n_features_))
rfecv_scores = cross_val_score(rfecv, X_reduced, y, scoring='f1_micro')
print("5-fold F1_micro for reduced data set: {} +- {} {}".format(

round(rfecv_scores.mean(), 2), round(rfecv_scores.std(), 2),␣
↪→calc_ci(rfecv_scores)))

rfecv_scores = cross_val_score(rfecv, X_reduced, y, scoring='f1_macro')
print("5-fold F1_macro for reduced data set: {} +- {} {}".format(

round(rfecv_scores.mean(), 2), round(rfecv_scores.std(), 2),␣
↪→calc_ci(rfecv_scores)))

# gridsearch best model with complete data set
print("\nOptimized model from grid search with all 16 features".format(rfecv.

↪→n_features_))
grid_scores_complete = cross_val_score(

grid.best_estimator_['clf'], X, y, scoring='f1_micro')
print("5-fold F1_micro for complete data set: {} +- {} {}".format(

round(grid_scores_complete.mean(), 2), round(grid_scores_complete.std(), 2),␣
↪→calc_ci(grid_scores_complete)))

grid_scores_complete = cross_val_score(
grid.best_estimator_['clf'], X, y, scoring='f1_macro')

print("5-fold F1_macro for complete data set: {} +- {} {}".format(
round(grid_scores_complete.mean(), 2), round(grid_scores_complete.std(), 2),␣

↪→calc_ci(grid_scores_complete)))

# gridsearch best model with reduced data set
print("\nOptimized model from grid search with {} features".format(rfecv.

↪→n_features_))
grid_scores_reduced = cross_val_score(

grid.best_estimator_['clf'], X_reduced, y, scoring='f1_micro')
print("5-fold F1_micro for reduced data set: {} +- {} {}".format(

round(grid_scores_reduced.mean(), 2), round(grid_scores_reduced.std(), 2),␣
↪→calc_ci(grid_scores_reduced)))

grid_scores_reduced = cross_val_score(
grid.best_estimator_['clf'], X_reduced, y, scoring='f1_macro')

print("5-fold F1_macro for reduced data set: {} +- {} {}".format(
round(grid_scores_reduced.mean(), 2), round(grid_scores_reduced.std(), 2),␣

↪→calc_ci(grid_scores_reduced)))

Optimal number of features : 6
Max. macro-avg F1 score: 0.70
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rank feature
2 1 BMI
3 1 TMT_A
7 1 STROOP_INT
12 1 CVLT_WA1
14 1 CVLT_WA2
15 1 vereint_KL
11 2 CVLT_VFW1
13 3 CVLT_VFW2
0 4 age
1 5 sex
6 6 STROOP_FSB
5 7 STROOP_FWL
8 8 CVLT_A_LS_COR
9 9 CVLT_DG1
4 10 TMT_B
10 11 CVLT_DG5

Base model: all 16 features, no prior hyperparameter tuning
5-fold F1_micro for complete data set: 0.69 +- 0.07 [0.63-0.75]
5-fold F1_macro for complete data set: 0.68 +- 0.07 [0.62-0.74]

Base model: reduced to 6 features, no prior hyperparameter tuning
5-fold F1_micro for reduced data set: 0.72 +- 0.07 [0.66-0.77]
5-fold F1_macro for reduced data set: 0.71 +- 0.07 [0.65-0.77]

RFECV model with 6 features, no prior hyperparameter tuning
5-fold F1_micro for reduced data set: 0.7 +- 0.07 [0.64-0.76]
5-fold F1_macro for reduced data set: 0.69 +- 0.07 [0.63-0.75]
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Optimized model from grid search with all 16 features
5-fold F1_micro for complete data set: 0.68 +- 0.07 [0.62-0.74]
5-fold F1_macro for complete data set: 0.67 +- 0.06 [0.61-0.73]

Optimized model from grid search with 6 features
5-fold F1_micro for reduced data set: 0.72 +- 0.08 [0.65-0.79]
5-fold F1_macro for reduced data set: 0.71 +- 0.08 [0.64-0.78]

5.3.2 RFECV from scratch with best estimator from grid search

[19]: # rfecv with best estimator from grid
rfecv = RFECV(estimator=grid.best_estimator_[

'clf'], step=1, cv=5, scoring='f1_macro', n_jobs=-1,)
#rfecv.fit(X_test, y_test)
rfecv.fit(X, y)
print("Optimal number of features : %d" % rfecv.n_features_)
print(

"Max. macro-avg F1 score {:.2f}".format(round(np.max(rfecv.grid_scores_), 2)))

# Plot number of features VS. cross-validation scores
plt.figure()
plt.xlabel("Number of features selected")
plt.ylabel("Cross validation score (macro F1)")
plt.plot(range(1, len(rfecv.grid_scores_) + 1), rfecv.grid_scores_)
plt.show()

# print and sort features by rank, rank=1 for all selected features
rfe_selected = pd.DataFrame({'rank': rfecv.ranking_, 'feature': ml4bp.columns})
rfe_selected.sort_values(by=['rank'], inplace=True)
print(rfe_selected)

X_reduced = rfecv.transform(X)

# gridsearch best model with reduced data set
print("\nGrid search best model with features reduced by RFECV: reduced to {}␣

↪→features, no prior hyperparameter tuning".format(
rfecv.n_features_))

base_scores = cross_val_score(rfecv, X_reduced, y, scoring='f1_micro')
print("5-fold F1_micro for reduced data set: {} +- {} {}".format(

round(base_scores.mean(), 2), round(base_scores.std(), 2), calc_ci(base_scores)))
base_scores = cross_val_score(rfecv, X_reduced, y, scoring='f1_macro')
print("5-fold F1_macro for reduced data set: {} +- {} {}".format(

round(base_scores.mean(), 2), round(base_scores.std(), 2), calc_ci(base_scores)))

Optimal number of features : 9
Max. macro-avg F1 score 0.70
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rank feature
1 1 sex
2 1 BMI
3 1 TMT_A
7 1 STROOP_INT
11 1 CVLT_VFW1
12 1 CVLT_WA1
13 1 CVLT_VFW2
14 1 CVLT_WA2
15 1 vereint_KL
0 2 age
9 3 CVLT_DG1
8 4 CVLT_A_LS_COR
4 5 TMT_B
6 6 STROOP_FSB
5 7 STROOP_FWL
10 8 CVLT_DG5

Grid search best model with features reduced by RFECV: reduced to 9 features, no
prior hyperparameter tuning
5-fold F1_micro for reduced data set: 0.71 +- 0.08 [0.64-0.77]
5-fold F1_macro for reduced data set: 0.7 +- 0.08 [0.63-0.76]
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6 Feature analysis

6.1 Feature ranking

[20]: # get feature importances from gridsearch optimized model
# absolute values are used to sort from highest coef
feature_importances = grid.best_estimator_['clf'].coef_[0]

# signed values
feature_df = pd.DataFrame({'feature_name': ml4bp.columns,

'feature_weight': feature_importances})
plot = sns.barplot(y='feature_weight',

x='feature_name',
data=feature_df.sort_values(['feature_weight'], ascending=False))

plot.set_xticklabels(plot.get_xticklabels(), rotation=90,
horizontalalignment='right')

plt.show()

print(feature_df.sort_values(by=['feature_weight'], ascending=False))

# absolute values
feature_importances = np.abs(feature_importances)
feature_df = pd.DataFrame({'feature_name': ml4bp.columns,

'feature_weight': feature_importances})
plot = sns.barplot(y='feature_weight',

x='feature_name',
data=feature_df.sort_values(['feature_weight'], ascending=False))

plot.set_xticklabels(plot.get_xticklabels(), rotation=90,
horizontalalignment='right')

plt.show()
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feature_name feature_weight
15 vereint_KL 0.546738
11 CVLT_VFW1 0.265095
12 CVLT_WA1 0.257938
0 age 0.196262
6 STROOP_FSB 0.152752
8 CVLT_A_LS_COR 0.146818
1 sex 0.131749
10 CVLT_DG5 0.112270
9 CVLT_DG1 0.089955
5 STROOP_FWL -0.079407
4 TMT_B -0.124755
13 CVLT_VFW2 -0.157302
14 CVLT_WA2 -0.229595
3 TMT_A -0.248136
7 STROOP_INT -0.491695
2 BMI -0.555347
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[21]: # hardcoded the palette for this specific feature ranking to save time
palette = sns.color_palette(['r', 'yellow', 'g', 'b', 'b', 'black',

'b', 'r', 'b', 'g', 'b', 'r', 'black', 'b', 'b', 'g'],␣
↪→16)

feature_df = pd.DataFrame({'feature_name': ml4bp.columns,
'feature_weight': feature_importances}) # ),

# 'group': group})
plot = sns.barplot(y='feature_weight',

x='feature_name',
data=feature_df.sort_values(['feature_weight'], ascending=False),␣

↪→palette=palette)
plot.set_xticklabels(plot.get_xticklabels(), rotation=90,)

# legend with colors
patinfo = mpatches.Patch(color='r', label='Patient Information')
cvlt = mpatches.Patch(color='b', label='CVLT')
tmt = mpatches.Patch(color='black', label='TMT')
stroop = mpatches.Patch(color='g', label='Stroop')
d2 = mpatches.Patch(color='yellow', label='d2 + d2-R')
plt.legend(handles=[patinfo, cvlt, tmt, stroop, d2])
plt.show()
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6.2 Model analysis with ELI5

[22]: # show ELI5 weights, values are the same as the coefficients in feature ranking
eli5.show_weights(grid.best_estimator_, feature_names=list(ml4bp.columns))

[22]: <IPython.core.display.HTML object>

[23]: # re-read the original data to get the Pat_ID (dropped previously)
# check which OS to load from correct path
os = platform.system()
if os == 'Darwin':

# path to vault for macOS
ml4bp_forpateid = pd.read_csv(

"/Volumes/tresorML4BP/Data/BIPFAT 15.09.2020 kOGINTION_SELCTED.CSV", sep=';')
# Windows
else:

ml4bp_forpateid = pd.read_csv(
"G:\Data\BIPFAT 15.09.2020 kOGINTION_SELCTED.CSV", sep=';')

# get a feature to check by index from y_test (test subset)
# feature index 0 = first sample from test data set
feature_index = 0
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sample = pd.DataFrame(y_test).iloc[feature_index]
# print Pat_ID and group
print("Pat_ID: {} group: {}".format(

ml4bp_forpateid.iloc[sample.name]['Pat_ID'], sample[0]))
# print predict probas for sample
print(grid.best_estimator_['clf'].predict_proba(

X_test[feature_index:feature_index+1]))
# print eli5 explanation
eli5.show_prediction(grid.best_estimator_['clf'], doc=X_test[feature_index],␣

↪→feature_names=list(
ml4bp.columns), show_feature_values=True)

Pat_ID: 95.0 group: 2.0
[[0.64509196 0.35490804]]

[23]: <IPython.core.display.HTML object>

[24]: # get a feature to check by index from y_test (test subset)
# feature index 1 = second sample from test daata set
feature_index = 1
sample = pd.DataFrame(y_test).iloc[feature_index]
# print Pat_ID and group
print("Pat_ID: {} group: {}".format(

ml4bp_forpateid.iloc[sample.name]['Pat_ID'], sample[0]))
# print predict probas for sample
print(grid.best_estimator_['clf'].predict_proba(

X_test[feature_index:feature_index+1]))
# print eli5 explanation
eli5.show_prediction(grid.best_estimator_['clf'], doc=X_test[feature_index],␣

↪→feature_names=list(
ml4bp.columns), show_feature_values=True)

Pat_ID: 125.0 group: 2.0
[[0.10928839 0.89071161]]

[24]: <IPython.core.display.HTML object>

6.3 Analysis of the top 3 features

[25]: # building a new DF
topDF = pd.DataFrame(data=[ml4bp.vereint_KL, ml4bp.BMI, ml4bp.STROOP_INT, y]).T
topDF

[25]: vereint_KL BMI STROOP_INT group
0 122.0 30.93 123.2 1.0
1 192.0 33.04 77.0 1.0
2 115.0 30.83 117.0 1.0
3 131.0 26.88 71.0 1.0
4 109.0 29.37 90.0 1.0
.. ... ... ... ...
336 149.0 24.24 70.3 1.0
337 141.0 22.08 160.0 1.0
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338 315.0 21.80 54.7 2.0
339 NaN NaN 66.0 2.0
340 219.0 22.00 83.0 2.0

[341 rows x 4 columns]

[26]: # required to activate seaborn design, unknown bug
sns.set()

# decsriptive statistics again (same as above)
# assigning labels to groups for better readability for pairplot
topDF.loc[topDF['group'] == 1, 'group'] = 'Bipolar'
topDF.loc[topDF['group'] == 2, 'group'] = 'Control'

# pairplot to visualize possible correlations
sns.pairplot(topDF, hue='group')

topDF.describe()

[26]: vereint_KL BMI STROOP_INT
count 322.000000 336.000000 334.000000
mean 160.225776 26.426964 75.906467
std 52.746820 5.760030 20.059469
min 2.700000 17.530000 36.300000
25% 124.250000 22.487500 62.430000
50% 156.500000 25.150000 72.195000
75% 194.000000 29.032500 84.190000
max 315.000000 57.130000 176.000000
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6.4 Boxplots of top three features and the least important

[27]: sns.boxplot(x=topDF.group, y=topDF.BMI)

[27]: <AxesSubplot:xlabel='group', ylabel='BMI'>
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[28]: sns.boxplot(x=topDF.group, y=topDF.vereint_KL)

[28]: <AxesSubplot:xlabel='group', ylabel='vereint_KL'>
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[29]: sns.boxplot(x=topDF.group, y=topDF.STROOP_INT)

[29]: <AxesSubplot:xlabel='group', ylabel='STROOP_INT'>

[30]: sns.boxplot(x=topDF.group, y=ml4bp.STROOP_FWL)

[30]: <AxesSubplot:xlabel='group', ylabel='STROOP_FWL'>
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6.5 Training a model with optimization using only the top 3 features

[31]: topmodel = LogisticRegression(random_state=0)
# build new X and y for topmodel
topX = pd.DataFrame(data=[ml4bp.vereint_KL, ml4bp.BMI, ml4bp.STROOP_INT]).T
topy = y
# impute all NaN's with the columns mean value
topX = SimpleImputer(missing_values=np.nan,

strategy='mean').fit_transform(topX)
# train test split
topX_train, topX_test, topy_train, topy_test = train_test_split(

topX, topy, test_size=0.2, random_state=0)

# optimzing the second model using gridsearch and scoring
# defining the parameter grid
topparam_grid = [{ # 'clf__penalty': ['l1', 'l2', 'elasticnet'],

'clf__C': np.logspace(-4, 4, 50),
'clf__solver': ['newton-cg', 'lbfgs', 'liblinear'],

}]

# making a pipeline (redundant due to prior scaling)
toppipeline = Pipeline([('std', StandardScaler()),

('clf', topmodel)])

# gridsearch, optimizing for best label "1" f1-score
topgrid = GridSearchCV(toppipeline, topparam_grid, scoring='f1_macro',

refit=True, verbose=1, n_jobs=-1, cv=5)
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topgrid.fit(topX_train, topy_train)

# scoring and best parameters
print("Tuned model")
print(classification_report(topgrid.predict(topX_test), topy_test))
print(topgrid.best_params_)
print(topgrid.best_estimator_)
print("AUC: {:.3f}".format(roc_auc_score(

topy_test, topgrid.decision_function(topX_test))))

Fitting 5 folds for each of 150 candidates, totalling 750 fits

[Parallel(n_jobs=-1)]: Using backend LokyBackend with 8 concurrent workers.
[Parallel(n_jobs=-1)]: Done 56 tasks | elapsed: 0.3s

Tuned model
precision recall f1-score support

1.0 0.84 0.80 0.82 46
2.0 0.64 0.70 0.67 23

accuracy 0.77 69
macro avg 0.74 0.75 0.74 69

weighted avg 0.77 0.77 0.77 69

{'clf__C': 0.3906939937054613, 'clf__solver': 'newton-cg'}
Pipeline(steps=[('std', StandardScaler()),

('clf',
LogisticRegression(C=0.3906939937054613, random_state=0,

solver='newton-cg'))])
AUC: 0.805

[Parallel(n_jobs=-1)]: Done 720 tasks | elapsed: 1.5s
[Parallel(n_jobs=-1)]: Done 750 out of 750 | elapsed: 1.6s finished

[32]: # same code as for comparison of base and optimzed model
ax = plt.gca()
topcurve = plot_roc_curve(topgrid.best_estimator_, topX_test, topy_test, ax=ax)
baseroccurve = plot_roc_curve(grid.best_estimator_, X_test, y_test, ax=ax)
legend = plt.legend().get_texts()
legend[0].set_text('Model built with top 3 features (AUC = {})'.format(

str(legend[0]).split()[-1][0:4]))
legend[1].set_text('Best model with 16 features (AUC = {})'.format(

str(legend[1]).split()[-1][0:4]))
plt.show()
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6.6 Bipolar disorder and obesity

[33]: #bmi and adipositas

# bmi as parameter and return WHO classification for obesity
def bmicalc(bmi):

#overweight > 25
# preobese 25 - 29.99
# obese 1 30 -34.99
# obese 2 35 - 39.99
# obese 3 > 40
#under <18,5

if bmi < 18.5:
return "Underweight"

elif bmi < 25:
return "Normal"

elif bmi < 30:
return "Preobese"

elif bmi < 35:
return "Obese class I"

elif bmi < 40:
return "Obese class II"

else:
return "Obese class III"
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# build new column with obesity class for every sample
adipositas = []
for i in topDF.BMI:

adipositas.append(bmicalc(i))
topDF['Adipositas'] = adipositas

# count classes per group and print percentages of obese members
group_count = topDF['group'].value_counts()
adipositascount = topDF.groupby(['group'])['Adipositas'].value_counts()

print("Percentage of obese members of bipolar group: {:.1%}".format(
sum(adipositascount[2:5])/group_count[0]))

print("Percentage of obese members of control group: {:.1%}".format(
sum(adipositascount[7:10])/group_count[1]))

print("Percentage of obese and preobese members of bipolar group: {:.1%}".format(
sum(adipositascount[1:5])/group_count[0]))

print("Percentage of obese and preobese members of control group: {:.1%}".format(
sum(adipositascount[6:10])/group_count[1]))

# descriptive statistics for both groups
topDF.groupby(['group'])['BMI'].describe()
# plot
sns.swarmplot(y=topDF.BMI, x=topDF.group, hue=topDF.Adipositas)

Percentage of obese members of bipolar group: 28.1%
Percentage of obese members of control group: 14.5%
Percentage of obese and preobese members of bipolar group: 63.8%
Percentage of obese and preobese members of control group: 36.6%

[33]: <AxesSubplot:xlabel='group', ylabel='BMI'>
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6.7 versions of mainly used libraries

[34]: # versions
import matplotlib
import jupyterlab as lab
import sklearn as sklearn
import sys
print("Python: {}".format(sys.version))
print("scikit-learn: {}".format(sklearn.__version__))
print("jupyterlab: {}".format(lab.__version__))

#rint("jupyter-core: {}".format(core.__version__))
print("Numpy: {}".format(np.__version__))
print("Pandas: {}".format(pd.__version__))
print("Seaborn: {}".format(sns.__version__))
print('matplotlib: {}'. format(matplotlib. __version__))

Python: 3.9.0 (v3.9.0:9cf6752276, Oct 5 2020, 11:29:23)
[Clang 6.0 (clang-600.0.57)]
scikit-learn: 0.23.2
jupyterlab: 3.0.1
Numpy: 1.19.4
Pandas: 1.1.5
Seaborn: 0.11.0
matplotlib: 3.3.3
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