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Machine learning is widely used to identify complex patterns in data and translate them into
useful predictions. The choice of modelling approach depends on both the available data and
the question being addressed, while modelling priorities may vary depending on the intended
end user. This thesis investigates predictive modelling in two distinct biomedical scenarios:
prediction of the biological function of chemicals using network topology-derived data (Paper
I), and prediction of disease course in multiple sclerosis (MS) using electronic health records
from hospital visits (Papers II, III, and IV).

In Paper I, a deep learning model was developed to predict protein network topology
clusters directly from chemical structure representations, enabling functional characterization
and identification of biological similarity for compounds not present in existing databases.

The second part of this thesis addresses a clinical prediction problem in MS. Identifying the
transition from relapsing-remitting MS (RRMS) to secondary progressive MS (SPMS) remains
challenging in clinical practice, despite its importance for clinical trials, treatment decisions,
and patient management. In Paper II, we developed a machine learning model combined
with conformal prediction to classify RRMS and SPMS using data from the Swedish Multiple
Sclerosis Registry (SMSReg). The study demonstrated that uncertainty-aware predictions can
improve trustworthiness by identifying cases that are difficult to classify reliably. In Paper III,
we prospectively validated this framework using newly collected SMSReg data and showed
that the model remained well-calibrated and outperformed the current state-of-the-art method.
In Paper IV, we extended this work to an international registry setting using data from SMSReg
and from 37 countries in the MSBase registry, based in Australia. We showed that calibrating
models to specific countries can improve disease course classification across heterogeneous
real-world cohorts, while also highlighting challenges arising from variation in clinical practice
and data availability. Across these studies, the explainable AI framework SHAP was used to
identify influential variables and improve model interpretability.

Collectively, the findings show that machine learning can extract meaningful biological and
clinical patterns from complex data, and that uncertainty quantification and interpretability are
essential for clinically useful decision-support tools.
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Introduction 

Large datasets provide a valuable foundation for machine learning (ML) ap-
plications. The increasing availability of large-scale data in biomedical repos-
itories has created new opportunities for both biological discovery and clinical 
decision-making. However, predictive models require different modelling 
strategies and priorities depending on the available data and the intended ap-
plication. This thesis examines two such settings. First, it investigates whether 
the biological function of chemicals can be predicted from network topology-
derived data and molecular structure. Second, it investigates whether the dis-
ease course in multiple sclerosis (MS) can be identified using routinely col-
lected electronic health records (EHR). In the MS studies, particular emphasis 
is placed on developing models that go beyond predictive accuracy. These 
models incorporate interpretability and uncertainty quantification to support 
clinically relevant decision-making. 

Artificial intelligence 
Artificial intelligence (AI) is an umbrella term for computational methods that 
enable systems to learn patterns, make predictions, and support decision-mak-
ing. Modern AI systems include both traditional ML models and more ad-
vanced deep learning (DL) architectures, such as large language models and 
multimodal networks. Advances in computing hardware, algorithmic devel-
opment, and, most importantly, the increasing availability of large-scale data 
have enabled progressively more capable models to be deployed in everyday 
applications. These systems are fundamentally data-driven, deriving statistical 
patterns from data rather than relying on hand-crafted rules to produce predic-
tions. They are particularly useful in settings where explicit rule-based ap-
proaches are difficult or impractical to design1. Recent algorithmic advances 
have also reduced the reliance on extensive manual feature engineering, alt-
hough data preprocessing and domain knowledge remain important for devel-
oping reliable and well-performing models. 

AI has demonstrated strong performance across a wide range of domains 
and data modalities, including images, text, audio, video, graphs, and 
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structured tabular data2. In healthcare, AI has been applied to areas such as 
drug discovery and development, diagnostic support, medical image analysis, 
personalized medicine, robotic assistance, and administrative workflows3–5. 
Despite these advances, the translation of many AI models into routine clinical 
practice remains limited. Key barriers include concerns about individual 
safety, model generalizability, integration into existing clinical workflows, 
limited interpretability of model decisions, and challenges in communicating 
prediction confidence6,7. Consequently, current research increasingly focuses 
on combining predictive modelling with methods for explainability and un-
certainty quantification, aiming to produce outputs that clinicians can better 
interpret and act upon. 

Biological function prediction of chemicals 
The entire drug discovery pipeline typically spans approximately 10-12 years, 
encompassing multiple stages from in silico target identification to high-
throughput screening, lead optimization, pharmacokinetic and toxicity stud-
ies, before compounds advance toward clinical trials8,9. Early drug screening 
using computational analysis helps reduce the size of compound libraries and 
the chemical search space for druggable compounds by several-fold10. These 
approaches rely on integrating information from curated databases such as 
PubChem11, STITCH12, STRING13, KEGG14, and ChEMBL15. 

Despite the usefulness of these computational approaches, drug discovery 
is challenging due to off-target effects, toxicity, and biological complexity9. 
This has led to strategies that modify existing drugs through minor chemical 
changes16. Although the assumption that chemically similar molecules exhibit 
similar biological functions has long guided research, it has limitations. Small 
structural changes, such as the substitution of a single atom or a change in 
isomeric form, can result in markedly different biological outcomes17. These 
effects are illustrated by matched molecular pairs and activity cliffs18–20. This, 
in turn, suggests that relying only on two-dimensional structural information 
is insufficient, and that incorporating biological context can better guide the 
discovery process. 

This inherent complexity has motivated the development of computa-
tional approaches to predict molecular function, including protein targets, 
affected pathways, and broader biological processes21–24. One such method, 
developed by Edberg et al25. is quantitative molecular network topology-
guided distance mapping of chemicals (QuantMap), which integrates chem-
ical-protein and protein-protein interaction data to estimate biological sim-
ilarity between chemicals. 
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QuantMap 
QuantMap is a computational framework for assessing the biological similar-
ity between chemicals. The method utilizes the STITCH12 database to obtain 
chemical-protein interaction data. The associated proteins are subsequently 
used to construct protein-protein interaction networks using the STRING13 da-
tabase. By quantifying network-based properties for a given set of chemicals, 
such as distances and connectivity patterns, QuantMap generates a similarity 
map that reflects the biological relatedness of molecules (Figure 1a). Rather 
than relying solely on direct target binding, the method incorporates the topo-
logical relationships between protein targets within an interaction network to 
characterize chemical bioactivity. 

A streamlined, reproducible, and automated workflow for QuantMap was 
later introduced by Schaal et al26. However, both approaches are limited to 
chemicals with sufficient interaction information in the STITCH and STRING 
databases and were therefore not applicable to novel chemical structures. To 
address this limitation, structural representations of molecules can instead be 
used as inputs for predictive models. 

One commonly used representation is the simplified molecular input line 
entry system (SMILES), a two-dimensional, text-based representation of mo-
lecular structure that encodes molecular graphs as linear strings27. In this nota-
tion, atoms are represented by elemental symbols, while bonds, branching, 
ring closures, aromaticity, and stereochemistry are encoded using a standard-
ized syntax. Although SMILES is not a unique representation and a single 
molecule can be written in multiple valid ways, a standardized form known as 
canonical SMILES can be used to ensure a unique representation (Figure 1b). 

Traditional ML approaches typically rely on molecular descriptors and fin-
gerprints28 extracted from SMILES. In contrast, DL approaches, including re-
current neural networks29 and transformer-based30 models, can directly operate 
on SMILES strings in a manner analogous to natural language processing31,32. 
In this setting, models learn the underlying syntax and grammar of molecular 
representations directly from the data itself, which can subsequently be used 
for tasks such as classification or regression.  

In Paper I, the QuantMap framework was extended using DL to enable 
predictions for chemicals not present in STITCH, including novel compounds. 
Structural information encoded in SMILES strings was used as input to the 
predictive models. 
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Figure 1: Overview of the QuantMap framework and SMILES enumeration. a) Illus-
trative example of the QuantMap method. The method takes compound names as in-
put and outputs a dendrogram showing the biological similarity of the chemicals. b) 
SMILES enumeration. Canonical SMILES of aspirin (left) and the possible 144 enu-
merated SMILES for the same molecule (right). The enumerated SMILES do not lose 
the molecule's structural information. Rather, they rearrange the molecular represen-
tation's syntax. Figure 1b is adapted from Supplementary Figure 1 of Paper I. 

Multiple sclerosis 
MS is a chronic, autoimmune disease that affects the central nervous system 
(CNS), including the brain, spinal cord, and optic nerves. As a result of an 
autoimmune reaction, the body's immune system attacks and damages the 
myelin sheath, the protective insulating layer surrounding nerve fibers33. This 
causes chronic neuroinflammation that damages cells in the CNS. Conse-
quently, nerve signaling is disrupted, affecting communication between the 
brain and the rest of the body and contributing to symptoms that affect mul-
tiple bodily functions34. There are over 2.8 million people with MS (pwMS) 
worldwide35, including more than 21,000 in Sweden in 202036, increasing to 
approximately 25,000 by 2025 in the Swedish MS Registry (SMSReg)37. It 
primarily affects young adults with onset age between 18 and 4033. The prev-
alence shows a female-to-male ratio of approximately 3:138. The exact cause 
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of MS remains uncertain, although several lifestyle and environmental fac-
tors have been associated with increased risk, including sunlight expo-
sure39/vitamin D levels40, smoking41, high body mass index42, genetic predis-
position43, and Epstein-Barr virus infection44.  

Diagnosis 
The diagnostic process in MS often begins with radiologically isolated syn-
drome. At this stage, magnetic resonance imaging (MRI) scans reveal lesions 
suggestive of MS, which are usually discovered incidentally when imaging is 
performed for other reasons. Furthermore, when a person experiences a single 
monofocal neurological episode that cannot be definitively diagnosed as MS, 
it is referred to as clinically isolated syndrome (CIS). If a subsequent episode 
of neurological activity occurs, the individual undergoes further evaluation. A 
differential diagnosis is performed to determine whether the condition is MS 
or another demyelinating disease33. 

The diagnosis of MS is carried out using the McDonald criteria, which were 
introduced (200145) and revised several times (200546, 201047, 201748, and 202449) 
over the years. After each revision, additional parameters have been incorpo-
rated to enable earlier and more accurate identification of MS. The criteria are 
based on dissemination in space and dissemination in time. Dissemination in 
space describes damage to the CNS that involves multiple characteristic re-
gions. Dissemination in time refers to damage occurring at different time 
points, such as the appearance of new lesions on MRI follow-up compared to 
baseline imaging. Additionally, cerebrospinal fluid biomarkers, such as oligo-
clonal bands or kappa-free light chains, can be used33. In the 2024 revision49, 
dissemination in time is not mandatory in certain situations when these bi-
omarkers can substitute to support the diagnosis. 

Progression 
While current understanding suggests that MS disease progression lies along 
a continuum, identifying distinct disease courses remains relevant for thera-
peutic decision-making and clinical research50–52. In around 85% of the pwMS, 
the disease often starts with periods of relapses characterized by acute neuro-
logical dysfunction and remissions, known as relapsing-remitting MS 
(RRMS)53. A relapse is defined as the occurrence of neurological symptoms, 
such as sensory disturbances, visual problems, or motor weakness, lasting 
more than 24 hours and not attributable to other causes33,54. Common symptoms 
include numbness or tingling, visual disturbances, severe weakness, bladder 
or bowel dysfunction, gait impairment, and imbalance33. Approximately 15-
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20% of individuals transition from RRMS to a degenerative phase after 10-15 
years from disease onset. This stage is characterized by continuous accumu-
lation of disability and is known as secondary progressive MS (SPMS). Earlier 
data suggest that, if RRMS is left untreated, up to 50% of individuals may 
convert to SPMS. This proportion has decreased with the early initiation of 
disease-modifying therapies (DMTs)33. In the remaining 10 to 15% of the 
pwMS, progressive worsening of neurological function occurs from the onset 
of the disease, without distinct relapses and remissions, and is known as pri-
mary progressive MS (PPMS)33,54. 

The diagnosis of MS has become earlier and more accurate with each revi-
sion of the McDonald criteria. However, the transition from RRMS to SPMS 
remains difficult to detect. Even though valuable information is available from 
MRI, clinical assessments, and biomarkers, the transition to the SPMS stage 
is often assigned retrospectively, with a delay of over three years55,56 (Figure 2). 

 
Figure 2: Illustration of disease progression from RRMS to SPMS. The transition from 
RRMS to SPMS is typically diagnosed with a delay. The gray shaded area indicates the 
period during which the clinician diagnoses the transition and assigns it retrospectively. 

Challenges 
The difficulty in identifying this transition stems from multiple factors. Bio-
logically, distinguishing functional decline due to normal aging from progres-
sion to the progressive stage is challenging57. In some cases, neurodegeneration 
occurs without an overt inflammatory response or clear immune activity 
within the CNS. As a result, progression may occur gradually without distinct 
relapses, a phenomenon referred to as silent progression58,59. 

From a clinical perspective, clinicians often wait until a minimum level of 
disability has been reached before deciding on transition. This requirement 
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can delay formal recognition of SPMS, particularly when progression is subtle 
and not accompanied by obvious relapses55,60. 

Treatment and regulatory factors also contribute to delayed identification. 
DMTs are primarily approved for RRMS, and there is a paucity of effective 
medications for SPMS52,61. Once an individual transitions, clinicians may dis-
continue treatment. This discontinuation can further delay clinical confirma-
tion of SPMS51. 

Assessment practices add another layer of complexity. In many cases, cog-
nitive measures are not routinely used to capture disability62–64. Instead, greater 
reliance is placed on measures such as the Expanded Disability Status Scale 
(EDSS)60. However, cognitive impairment is more prevalent in people with 
SPMS (pwSPMS) than in those with RRMS (pwRRMS), affecting memory, 
information processing, and verbal, visual, and spatial processing65. Although an 
individual may appear stable in ambulation, consideration of cognitive decline 
may help identify SPMS58. While cognitive assessments are often performed 
once every 2 to 3 years, increasing their frequency may improve detection62. 

Importance 
Earlier identification of this transition offers several key advantages. It enables 
clinicians to discontinue potentially ineffective DMTs that are designed for the 
relapsing phase once progression to SPMS begins, thereby avoiding unnecessary 
side effects55,58. Early detection also supports appropriate patient selection for clin-
ical trials58,60. Furthermore, timely identification facilitates tailored interventions 
and management strategies for individuals in the early SPMS phase, with the 
potential to slow the progression of irreversible disability52,66. 

In this thesis, Papers II, III, and IV focus on predicting the disease course 
in MS by classifying individuals as RRMS or SPMS at each hospital visit. 

Treatment 
While a cure for MS remains elusive, current treatments focus on improving 
quality of life and suppressing progression and relapses. DMTs act as im-
munomodulators, immunosuppressants, and anti-inflammatory agents, and 
they reduce relapse rates, MRI activity, and disability worsening33. Most 
treatments show greater efficacy when initiated early in RRMS or even at 
CIS, which may delay conversion to definite MS67. However, their use can 
be hindered by factors such as comorbidities, side effects, age, treatment 
response, and availability33,51,67,68. The choice of therapy depends on both the 
clinician and the patient69. Most of these therapies are approved for RRMS, 
CIS, and active SPMS, defined as progression with relapses. As the disease 
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progresses to SPMS, treatment options become more limited, highlighting 
an unmet therapeutic need67. 

Currently, siponimod and interferon beta-1b are approved treatments for 
active SPMS, and they reduce relapse activity and MRI activity, thereby slow-
ing disease progression52,58,70. In addition to these therapies, another class of 
drugs, Bruton’s tyrosine kinase inhibitors, which inhibit B-cell signaling en-
zymes, has shown promise for SPMS71,72. These agents have demonstrated re-
ductions in MRI activity and appear to have higher CNS permeability73. Sev-
eral agents in this class, including tolebrutinib, remibrutinib, and fenebrutinib, 
are currently under clinical investigation73,74. 

Beyond individual agents, treatment strategies in MS have also shown pos-
itive effects when high-efficacy therapies are used early, followed by de-es-
calation once disease control is achieved. This approach is known as an induc-
tion strategy33,75. One example is autologous hematopoietic stem cell transplan-
tation (aHSCT), in which clinicians first collect hematopoietic stem cells from 
the individual, followed by immunoablation to eliminate the existing immune 
system76,77. The previously collected stem cells are then reinfused to regenerate 
a new immune system, aiming to reset the autoimmune response. Physicians 
typically reserve this strategy for aggressive MS or for cases in which other 
treatments fail to produce an adequate response78,79. 

Electronic health records 
EHR collect information on diagnoses, laboratory tests, demographics, and 
clinical procedures during routine clinic visits. Over time, these data generate 
longitudinal records that capture the course of disease. At the population level, 
EHR data support the identification of individuals with similar disease trajec-
tories, enable statistical analyses, and facilitate the development of predictive 
models. At the individual level, they help in understanding disease activity, 
treatment outcomes, and overall disease progression80,81. 

In MS, routine visits include assessment of various clinical tests, monitor-
ing of treatments and their side effects, documentation of relapses, and evalu-
ation of patient-reported outcomes81,82 (Figure 3). Some of the clinical features 
collected and used in this thesis are described below. 
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Figure 3: Overview of commonly used clinical assessments and clinical data collected 
to evaluate disease activity and disability in pwMS. These measures capture both 
physical and cognitive aspects of disease burden. Patient-reported outcomes include 
EQ-5D and MSIS-29, while the clinician determines other measures. EDSS, Ex-
panded Disability Status Scale; EQ-5D, EuroQol-5 Dimensions; MSIS-29, Multiple 
Sclerosis Impact Scale; SDMT, Symbol Digit Modalities Test; MRI, Magnetic Reso-
nance Imaging; DMT, Disease-Modifying Therapy, aHSCT, autologous Hematopoi-
etic Stem Cell Transplantation. Created in BioRender. Kultima, K. (2026) https://Bi-
oRender.com/ojqvasg. 

Expanded Disability Status Scale 
EDSS, developed by Kurtzke83, is a widely used measure for assessing neuro-
logical impairment and disability in pwMS. The score ranges from 0 to 10 in 
half-point increments, with lower scores indicating minimal disability and 
higher scores indicating severe disability. Scores of 4 and 6 are largely deter-
mined by walking ability, and a score of 10 indicates death. The score is cal-
culated based on eight functional systems, including pyramidal, cerebellar, 
sensory, bowel and bladder, brainstem, cerebral or mental, visual, and other 
neurological domains.  

In clinical and research settings, longitudinal collection of EDSS provides 
information on disease severity and disability over time. It is also used to as-
sess treatment response in MS. However, the scale has limitations, as it fo-
cuses more on ambulatory function and places less emphasis on cognitive im-
pairment, upper limb function, and fatigue58,84. Despite these limitations, it is 
widely used to characterize MS-related disability in epidemiological studies, 
clinical trials, and real-world analyses85. 
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EuroQol-5 Dimensions 
The EuroQol-5 Dimensions (EQ-5D) questionnaire is a generic instrument 
used to assess quality of life and is widely applied in clinical practice and 
trials86,87. It has three versions: EQ-5D-5L, EQ-5D-3L, and EQ-5D-Y. The EQ-
5D-5L has five response levels, the EQ-5D-3L has three, and the EQ-5D-Y is 
designed for youth. Although these versions differ in the number of response 
levels, they capture the same core information. In Sweden, the EQ-5D-5L is 
commonly used. 

The EQ-5D includes five dimensions that assess health status: mobility, 
self-care, usual activities, pain or discomfort, and anxiety or depression. In the 
EQ-5D-5L version, individuals rate each dimension from 1 to 5, where 1 rep-
resents no difficulty and 5 represents extreme difficulty. In MS, this instru-
ment helps capture disease burden and functional impairment affecting daily 
activities. The five responses are combined to generate an index score based 
on the reported health state. An index value of 1 indicates perfect health, and 
lower scores indicate poorer health status88,89. 

However, the EQ-5D has limitations. It does not capture the episodic 
burden of MS, as it reflects current health status but not previous relapses 
that may have occurred. The instrument may also exhibit ceiling effects, in 
which individuals report very high or very low scores depending on how 
they feel at that time. In addition, it captures only a limited aspect of the 
disease burden and does not specifically assess symptoms such as cognitive 
dysfunction or fatigue90.  

Multiple Sclerosis Impact Scale 
The Multiple Sclerosis Impact Scale (MSIS-29) is a 29-item questionnaire that 
captures the physical and psychological impact of MS through patient-re-
ported outcomes and reflects health-related quality of life91. It includes 20 
questions covering physical aspects and 9 covering psychological aspects. 
Each question has five response levels: Not at all, A little, Moderately, Quite 
a bit, and Extremely. Lower levels indicate lower perceived disease burden, 
while higher levels indicate greater perceived burden. The physical score can 
range up to 80 and the psychological score up to 3692. In the EHR, these scores 
are also scaled to 100. 

MSIS-29 complements clinician-assessed information by capturing the indi-
vidual’s perspective. However, it has limitations. It does not effectively capture 
subtle differences in individuals with low disability and may show a floor effect, 
where individuals report very low scores93. The longitudinal use of MSIS-29 
provides insight into disease impact over time and changes in quality of life. 
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Symbol Digit Modalities Test 
The Symbol Digit Modalities Test (SDMT) is used to evaluate information-
processing speed and is a robust method for assessing cognitive status94. The 
test includes the numbers 1 to 9, each paired with a corresponding symbol, 
along with a row of symbols presented to the participant. The subject must 
match each symbol to its correct number within 90 seconds. The test can be 
administered in written or oral form, although the oral version is recom-
mended to minimize the influence of motor impairment. The score is based on 
the number of correct matches, with higher scores indicating lower cognitive 
impairment. When collected longitudinally, SDMT scores can demonstrate 
improvement or decline in cognitive function over time62. 

In addition to processing speed, the SDMT assesses attention, visual track-
ing, memory, and learning ability. It is simple to administer, sensitive to cog-
nitive changes, and reproducible. Within the EHR, it complements physical 
disability scales by providing an objective measure of cognitive performance95. 
However, the test has limitations, as performance may be influenced by fa-
tigue and visual impairment94,96.  

Disease-modifying therapies 
DMTs in MS aim to reduce relapse rates, delay disability progression, and 
control inflammatory disease activity97. Based on efficacy and drug type, treat-
ments were grouped into different categories in this thesis: first-line, second-
line, stem cell treatment, relapse treatment drugs, and other drugs. First-line 
therapies include moderate efficacy drugs such as dimethyl fumarate, inter-
feron β, and glatiramer acetate, which generally have favorable safety profiles. 
Second-line therapies include high-efficacy drugs such as anti-CD20 mono-
clonal antibodies, S1P receptor modulators, and other B-cell depleting thera-
pies. These treatments aim to balance therapeutic efficacy with the risk of ad-
verse events and are prescribed for individuals with highly active disease or 
inadequate response to first-line treatments98. 

The stem cell treatment category includes individuals who have under-
gone aHSCT78. Relapse treatment drugs refer to medications administered 
during relapses to reduce their duration and accelerate recovery99. The indi-
viduals can also receive other drugs indicating the use of non-MS specific 
medications. If an individual was not receiving any treatment, this was cat-
egorized as no treatment. 

Magnetic resonance imaging 
MRI plays a central role in the diagnosis and monitoring of disease activity in 
MS, as it enables visualization of the underlying neurodegenerative process49. 
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It allows clinicians to detect and characterize lesions within the CNS. MRI 
can be performed using different sequences, including T1-weighted, T2-
weighted, and T1 gadolinium-enhanced imaging, each providing complemen-
tary information. 

T1-weighted images identify areas of permanent tissue damage, which 
appear as hypointense regions known as black holes. T2-weighted images 
detect lesions that represent areas of increased water content. These areas 
reflect active and chronic demyelination and inflammation. Together, they 
capture the total disease burden. In T1 gadolinium-enhanced imaging, a gad-
olinium-based contrast agent is administered to highlight active lesions. 
These enhancing lesions indicate ongoing inflammatory activity and disrup-
tion of the blood-brain barrier100,101. 

In this thesis, lesion data were categorized as T2 lesions, brain T1 gadolin-
ium enhancing lesions, and spinal cord T1 gadolinium enhancing lesions. The 
lesions are counted and grouped according to the number of occurrences, rep-
resenting both total disease burden and ongoing inflammatory activity. 

Relapses 
Relapses in MS are defined as acute inflammatory demyelinating events in the 
CNS lasting at least 24 hours in the absence of fever or infection. Severe re-
lapses involving marked imbalance or functional impairment require prompt 
treatment, whereas mild relapses may resolve completely102. 

Relapses can be classified based on anatomical involvement. Optic neuritis 
occurs when demyelination affects the optic nerve, leading to blurred vision, 
pain during eye movement, and impaired color vision103. Monofocal relapses 
may involve regions other than the optic nerve, such as the cerebellum or spi-
nal cord. In contrast, multifocal relapses involve multiple neurological sys-
tems, potentially including the optic nerve, and indicate higher disease activ-
ity48. Severe relapses are typically managed with corticosteroid therapy admin-
istered orally or intravenously99. 

Other clinical features 
Other features used in this thesis include age, sex, and age at MS diagnosis. In 
addition, other clinical tests such as the 6-Minute Walk Test104, 10-Meter Walk 
Test105, Timed 25-Foot Walk106, and 9-Hole Peg Test106,107 are commonly used in 
MS assessment. However, these measures were not included in this thesis due 
to limited data availability and concerns regarding data quality. 
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Aim of thesis 

This thesis investigated the use of ML for data-driven modelling in biological 
and clinical domains, focusing on predicting the biological function of chem-
icals and identifying disease course in MS. The specific aims were: 

1. Develop a DL model to predict the biological function of chemical 
compounds from structural representations. 

2. Develop an ML framework with uncertainty quantification and in-
terpretability to classify disease course in pwMS (RRMS or SPMS) 
using EHR from SMSReg. 

3. Prospectively validate and benchmark the model developed in Aim 
2 using newly collected data from the SMSReg. 

4. Evaluate the generalizability of the Swedish model for MS disease 
course prediction using international MSBase registry data, assess 
strategies to improve calibration across countries, and benchmark 
the performance of the resulting models. 
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Data and methods 

Ethical approvals 
Paper II received approval from the Swedish Ethical Review Authority (Dnr 
2021-00702). Papers III and IV were approved by the Swedish Ethical Re-
view Authority under permits Dnr 2021-00702, 2024-07442-02, and 2025-
00541-02. For studies based on the SMSReg, informed consent was waived 
because anonymized registry data were used in accordance with national reg-
ulations. For Paper IV, analyses involving the MSBase registry were con-
ducted under the International Clinical Trials Registry identifier 
ACTRN12605000455662. The study received approval from the Melbourne 
Health Human Research Ethics Committee and from site-specific institutional 
review boards, unless exemptions were granted in accordance with local reg-
ulations. Written informed consent was obtained from all enrolled individuals 
in MSBase. 

Data sources 
Chemical and protein interaction data 
Data used in Paper I were obtained from the STITCH12 and STRING13 data-
bases. STITCH provides information on chemical-protein interactions, includ-
ing the identities of chemicals and the proteins with which they interact. The 
STRING database provides protein–protein interaction data, capturing both 
functional and physical associations between proteins. 

For chemicals retrieved from STITCH, SMILES representations were ob-
tained from PubChem11,108 using the corresponding chemical identifiers (CIDs) 
and converted to their canonical form to ensure consistency across represen-
tations. Both databases contain interaction data that are manually curated and 
automatically extracted from multiple databases and scientific publications, as 
well as derived from computational predictions and text mining approaches. 
Together, STITCH and STRING enable the integration of chemical-protein 
and protein-protein interaction information into a unified interaction network. 

To ensure reproducibility and consistency with the original QuantMap 
publication25 and subsequent related study26, version 3.1 of the STITCH and 
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version 9.0 of the STRING databases were used. All data were restricted to 
the species Homo sapiens. 

Registry data 
The subsequent three studies (Papers II, III, and IV) utilized EHR data col-
lected during routine clinical visits of pwMS. Papers II and III used data from 
the SMSReg37, while Paper IV used data from both SMSReg and the 
MSBase109 registry, Melbourne, Australia. 

The SMSReg has a population coverage exceeding 85% and collects lon-
gitudinal clinical data during routine care across more than 60 hospitals in 
Sweden. For Paper II, SMSReg data up to 2022 were used, comprising 
22,748 pwMS and 197,227 hospital visits. For Paper III, SMSReg data up to 
2025 were used, including 24,441 pwMS and 228,192 hospital visits. For Pa-
per IV, MSBase data extracted in 2024 were used, consisting of 109,283 
pwMS and 1,308,607 hospital visits from 45 countries. 

Across all studies, only individuals diagnosed with either RRMS or SPMS 
were included. In Paper II, visits within two years of the most recent recorded 
visit for pwRRMS were excluded to reduce noise arising from individuals who 
may have already transitioned to SPMS but had not yet received a formal clin-
ical diagnosis. In Paper IV, this exclusion window was extended to three 
years for the same reason. In contrast, this cutoff was not applied in Paper 
III, as the aim of that study was to validate the model developed in Paper II 
using all available visits for each individual. 

For Paper II, an initial set of clinical features was used, including EDSS, 
age, sex, age at diagnosis, MRI, relapse information, DMTs, EQ-5D, SDMT, 
and MSIS-29. Following feature selection, MSIS-29 was excluded as it did 
not improve model performance, resulting in a final set of 27 features for 
Papers II and III. For Paper IV, features from SMSReg and MSBase were 
harmonized to enable cross-registry analyses, yielding a reduced feature set 
of nine variables, including EDSS, age, sex, age at diagnosis, diagnosis year, 
and DMTs. 

Machine learning 
ML methods can broadly be divided into unsupervised and supervised learn-
ing110. In unsupervised learning, the data do not contain predefined labels, and 
the aim is to identify underlying structure in the data, such as clusters or lower-
dimensional representations. Typical examples include identifying clusters in 
a dataset or grouping biological samples with similar molecular profiles. 
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In supervised learning, the data contain both input features and correspond-
ing labels, and the model learns a mapping between them. Examples include 
predicting cancer status (for example, malignant or benign)111 or the biological 
age of an individual112. 

Depending on the task, an ML model can be trained for a regression task, 
which produces a continuous value (for example, predicting the lipophilicity 
of molecules)113, or for a classification task, which predicts a categorical label 
(for example, toxic or non-toxic)110,114. In this thesis, the focus is on classifica-
tion tasks. 

Unsupervised learning 
Commonly used clustering algorithms include k-means clustering115, hierar-
chical clustering116,117, and density-based clustering methods such as 
DBSCAN118. Commonly used dimensionality reduction techniques include 
principal component analysis, uniform manifold approximation and projec-
tion, and autoencoders110,119. 

In this thesis, we applied hierarchical clustering in Paper I to the output of 
the QuantMap method in order to group chemicals into functional clusters. 
Hierarchical clustering works by initializing each data point as a separate clus-
ter. Distances between clusters are then calculated, for example using Euclid-
ean distance, resulting in a distance matrix. The closest clusters are merged 
and assigned to a new cluster, after which distances are recalculated. This pro-
cess is repeated until all data points are merged into a single cluster. The result 
is a dendrogram, with each data point represented as a leaf node. By cutting 
the dendrogram at a selected threshold, we obtain clusters of chemicals with 
similar functional properties. 

Supervised learning 
Depending on the algorithms employed, supervised learning can be broadly 
divided into traditional ML models and DL models. Although the underly-
ing task in both cases is to learn a mapping between input data and labels, 
the choice of algorithm depends on the type, structure, and complexity of 
the data110. Nevertheless, the overall data handling procedure is similar 
across models. 

In traditional ML, the dataset is typically split into training and testing sets. 
The training data are used to train the model, and its performance is evaluated 
on the held-out test data. In contrast, DL models usually require an additional 
validation set. In this case, the data are split into training, validation, and test-
ing sets. The training data are used to optimize the model parameters, while 
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the validation data are used to guide training and prevent overfitting, thereby 
helping the model retain its ability to generalize. The final trained model is 
then evaluated on the independent test data120. 

Traditional machine learning 
Common traditional ML algorithms include logistic regression121, random for-
est (RF)122, gradient boosting machines (GBMs)123, and support vector machines 
(SVMs)124. Logistic regression is a binary classifier that, given a set of input 
features, applies a sigmoid function to produce an output between 0 and 1. 
This output represents the likelihood of the input belonging to the positive 
class (Figure 4a). 

 
Figure 4: Overview of traditional ML models. a) Logistic regression, b) RF, c) GBM and 
d) SVM. Created in BioRender. Kultima, K. (2026) https://BioRender.com/t8rusjd. 

RF is an ensemble model that combines predictions from multiple decision 
trees instead of relying on a single tree. Each tree is trained on a randomly 
drawn subset of the data with replacement, a process known as bagging, while 
each split considers only a random subset of features. This makes the model 
more robust and less prone to overfitting by reducing dependence on particular 
samples or features. The final prediction is then obtained by majority voting 
across the individual trees (Figure 4b). 

Similar to RF, GBMs consist of an ensemble of decision trees, but they 
employ a boosting strategy in which trees are trained sequentially. In each 
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iteration, a weak learner is trained to correct the errors made by the previous 
trees, gradually improving model performance (Figure 4c). 

SVMs classify data by finding the decision boundary that maximizes the 
margin between classes. When the data are not linearly separable, the model 
uses the kernel trick to represent the data in a higher-dimensional space, mak-
ing separation easier (Figure 4d). 

In this thesis, RF models were used in Papers II, III, and IV, while logistic 
regression, GBM, and SVM were evaluated during model selection in Paper II. 

Deep learning 
DL uses multi-layered neural networks to learn representations directly from 
data. These models are largely data-driven and often require minimal to no 
domain-specific feature engineering. The choice of DL architecture depends 
on the type and structure of the input data, and commonly used architectures 
are discussed below. 

Fully connected deep neural networks (FC-DNN) in DL contain individual 
building blocks called neurons that are interconnected and organized in layers, 
where each layer is connected to the previous layer (Figure 5a). After each 
layer, activation functions such as the Rectified Linear Unit (ReLU), tanh, or 
sigmoid are applied to introduce nonlinearity. Increasing the number of neu-
rons in a layer results in a wider network, while increasing the number of lay-
ers results in a deeper network, giving rise to the term deep neural network. 
Wider and shallower networks may be more prone to overfitting, whereas 
deeper networks are better suited to capturing complex nonlinear relationships 
in the data120. These architectures are commonly used when the input data are 
represented as fixed-length vectors, such as tabular data from medical records, 
or financial datasets. 

Convolutional neural networks (CNNs)125 are primarily used for image data 
or data represented in matrix form (Figure 5b). CNNs employ learnable filters, 
also known as kernels, that slide across the input data to perform convolution 
operations. This process extracts meaningful features such as edges, corners, 
and textures. The resulting feature maps are typically passed through pooling 
layers, such as max pooling or average pooling, to reduce dimensionality. Af-
ter several convolutional and pooling layers, the extracted features are flat-
tened and passed to one or more fully connected layers for classification or 
regression tasks. 
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Figure 5: Overview of DL models. a) FC-DNN, b) CNN, and c) RNN. Created in 
BioRender. Kultima, K. (2026) https://BioRender.com/w8rkst9. 

For sequential or temporal data, such as machine translation, sentiment anal-
ysis, and time series forecasting, recurrent neural networks (RNNs) have tra-
ditionally been used due to their ability to process information sequentially29. 
Unlike feedforward networks such as FC-DNN and CNN, RNNs maintain an 
internal hidden state that captures information from previous time steps (Fig-
ure 5c). At each step, the hidden state is updated using both the current input 
and the previous hidden state and is then passed to the next time step. For 
classification or regression tasks, the final hidden state is often used to gener-
ate predictions. However, as sequence length increases, RNNs can suffer from 
vanishing gradients, where gradients approach zero, or exploding gradients, 
where gradients grow excessively. To address these issues, Long Short-Term 
Memory (LSTM)126 networks were introduced. LSTMs include specialized 
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memory cells and gating mechanisms that regulate the flow of information, 
allowing the network to retain relevant information over longer sequences. 

In this thesis, a FC-DNN, a CNN, and LSTM networks were used in Paper I 
for model selection, with an LSTM-based network ultimately chosen. In Paper 
II, an LSTM network was also included as part of the model selection process. 

Reliability of artificial intelligence 
Predictive models generate outputs based on patterns learned from data. Key 
issues include the confidence associated with a given prediction, along with 
the interpretability of the decision made by the model. As many AI models 
function as black boxes, their internal workings are opaque and difficult to 
interpret, which leads to reduced trust in their predictions6,127. 

Despite the availability of numerous AI models designed for various 
healthcare applications, their adoption in clinical workflows remains limited 
due to these factors. Therefore, ensuring that models are reliable and explain-
able is essential for successful clinical implementation7,128. 

In this thesis, prediction uncertainty is addressed using conformal pre-
diction (CP), and model explainability is incorporated through explainable 
AI (XAI). 

Conformal prediction 
CP is a model-agnostic framework that complements a predictive model by 
providing predictions with error control at a pre-specified significance level 
under the assumption of exchangeability129. It conveys how different (non-con-
forming) the test data is compared to the calibration data. To guarantee reliable 
and valid predictions, CP must be calibrated. There are two ways to calibrate 
a CP: 1) the transductive CP and 2) the inductive CP (ICP). 

In the transductive framework, when predicting a data point, all data (training 
data combined with the test data) are used to calculate the non-conformity score. 
Hence, the network needs to be retrained for each prediction sample. This makes 
the CP robust to outliers, but comes at the cost of higher computation. 

In the inductive framework, the model is trained using training data and 
calibrated using calibration data that are independently and identically distrib-
uted from the same distribution as the training data130. Here, the non-conform-
ity scores of the calibration data are used to assess the non-conformity of the 
test data. This prevents the need for retraining the network and makes it com-
putationally more efficient. 
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For inductive CP, a non-conformity measure αi is calculated using a non-
conformity function h(xi), for each object i with feature x and scoring algo-
rithm h. Calculating the non-conformity score for all n instances in the cali-
bration set yields α1, …, αn. During the predictive phase, a non-conformity 
score αn+1 is calculated for the test instance. Using Equation 1, p-values for each 
class label of the test instance are calculated by ranking the αn+1 against all the 
calibration α values. Using a desired significance level, all labels with p-values 
greater than or equal to this level are selected as the prediction set. 

p!"# 	= 	
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*"#
  (1) 

In the case of classification, CP produces a set of class labels, and for regres-
sion tasks, a confidence interval. In this thesis, we focus on classification 
tasks. For binary classification, based on the user-specified confidence level 
(α), the output can be {0}, {1}, {0, 1}, or {}. Single-label predictions ({0} or 
{1}) are generally preferred as they demonstrate higher certainty from the 
model. Multiple-label predictions ({0, 1}) occur when the model cannot con-
fidently distinguish between the two classes. Conversely, empty predictions 
({}) arise when the input data differs significantly from the training data, pos-
sibly due to data drift and distributional shift. Both multiple-label and empty 
predictions are considered unreliable and are flagged for expert review. 

In classification tasks using standard ICP, nonconformity scores and p-val-
ues are computed using the entire calibration set without considering class 
labels. Mondrian CP modifies this approach by dividing the calibration data 
according to class and applying the conformity assessment separately within 
each group131. For a test instance evaluated with a candidate label y, the p-value 
is calculated using only the non-conformity scores from calibration samples 
that belong to class y, for all the classes. This method preserves the theoretical 
validity guarantee both overall and within each individual class. This class-
specific calibration typically results in smaller prediction sets on average. The 
advantage is particularly evident in imbalanced datasets, where class frequen-
cies and levels of prediction difficulty differ substantially. 

A key property of CP is that the p-values for the true class follow a uniform 
distribution between 0 and 1. This arises from the exchangeability assumption 
and can be used to assess calibration quality. Deviations from uniformity sug-
gest that the assumption may be violated, indicating poor calibration for the 
given dataset. In Paper IV, we use this property to compare the suitability of 
models across data from different countries. Validity can also be assessed by 
plotting observed error rates against expected error rates, where a well cali-
brated model should ideally follow a diagonal line. 
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In this thesis, Papers II, III, and IV use CP as the uncertainty measure for 
predictive outcomes in clinical settings. 

Explainable AI 
XAI provides insights into the reasoning behind AI models’ predictions, mak-
ing them more understandable and transparent. Various XAI frameworks are 
available to extract information from black-box models132. This thesis uses one 
such framework, SHapley Additive exPlanations (SHAP)133. SHAP employs a 
game-theoretic approach to explain model predictions. For each prediction in-
stance, a SHAP value is computed for every feature. This value represents the 
feature’s contribution to shifting the prediction from a baseline, typically the 
average model output, to the final predicted value. SHAP values can be ag-
gregated across the entire dataset to provide a global explanation of feature 
importance and overall model behavior. In contrast, SHAP values for individ-
ual instances offer local explanations by clarifying how specific features con-
tributed to a single prediction. 

SHAP values are typically presented using various plots such as beeswarm 
plots, violin plots, or force plots. The visual nature of these plots facilitates 
intuitive interpretation regarding feature influence. The positive SHAP values 
in these plots correspond to features contributing to the prediction of the par-
ticular class, while negative SHAP values indicate contributions towards the 
opposite class.  

In this thesis, SHAP is used in Papers II, III, and IV, where the positive 
class is SPMS, while RRMS represents the negative class. 

Performance metrics 
The performance of a trained model can be evaluated using several metrics, 
and the choice of metric depends on the specific objective of the analysis. In 
classification tasks, evaluation typically begins with the confusion matrix. It 
summarizes the model’s predictions by comparing them to the true labels. The 
confusion matrix consists of true positives (TP), where the positive class is 
correctly predicted as positive; true negatives (TN), where the negative class 
is correctly predicted as negative; false positives (FP), where the negative 
class is incorrectly predicted as positive; and false negatives (FN), where the 
positive class is incorrectly predicted as negative. 
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From these, other metrics are derived, including: 

Accuracy: Represents the proportion of correct predictions made by the 
model out of all predictions. However, this metric is sensitive to class imbal-
ance, as a dominant class can inflate the accuracy and mask poor performance 
on the minority class. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑇𝑃 + 𝑇𝑁

TP + FP + TN + FN
 

Positive Predictive Value (PPV)/precision: Proportion of true positives 
among all instances predicted as positive. 

𝑃𝑃𝑉 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Negative Predictive Value (NPV): Proportion of true negatives among all 
instances predicted as negative. 

𝑁𝑃𝑉 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑁
 

Sensitivity/recall: Proportion of true positives among all actual positive 
cases. 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 	
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Specificity: Proportion of true negatives among all actual negative cases. 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 	
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

F1-score: This is a harmonic mean of precision and recall. It is particularly 
useful in the presence of class imbalance, as it balances performance on the 
positive class by accounting for both false positives and false negatives. 

𝐹1 = 	
2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

 

Jensen-Shannon divergence 
The Jensen-Shannon divergence (JSD) is a symmetric measure of similarity 
between two probability distributions derived from the Kullback-Leibler di-
vergence134. Given two distributions, P and Q, JSD quantifies their divergence 
by comparing each to their midpoint distribution, M=½(P+Q). When loga-
rithms base 2 are used, JSD is bounded between 0 and 1, where 0 indicates 
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identical distributions and 1 represents maximal divergence. In this thesis, JSD 
was used to measure the deviation between the empirical distribution of CP p-
values and the uniform distribution expected under valid calibration. A lower 
JSD value indicates better agreement with the expected uniform distribution 
and therefore better calibration. A larger divergence indicates poorer calibra-
tion. In Paper IV, this metric was applied for model selection across data from 
different countries. 

The Lorscheider criteria 
The Lorscheider criteria provide a well-defined framework for identifying and 
classifying disease course in MS60. It relies on longitudinal clinical data from 
pwMS. According to the criteria, SPMS is defined by disability progression 
sustained for at least three months in the absence of relapses. Progression is 
specified as an increase of 1.0 point in EDSS for individuals with a baseline 
EDSS below 5.5, or 0.5 points for those with a baseline EDSS of 6.0 or higher. 
In addition, the EDSS score must reach at least 4.0. This must be accompanied 
by a pyramidal functional system score of 2 or more, reflecting motor impair-
ment such as muscle weakness or difficulty moving limbs. In this thesis, the 
criteria were applied using functional system scores when available, as these 
are not routinely recorded at all clinics. In Papers III and IV, we use Lor-
scheider criteria to benchmark against the performance of the model at classi-
fying individuals as RRMS or SPMS. 

Artificial intelligence statement 
AI tools were used to assist with grammar correction, language refinement, 
and structural improvements in this thesis. All AI-generated suggestions were 
carefully reviewed, edited, and adapted by the author to ensure accuracy and 
alignment with the intended meaning. The author retains full responsibility for 
the content presented in this thesis. OpenAI’s ChatGPT (GPT-5) was used for 
this purpose. 
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Study summaries 

Paper I 
The study aimed to develop a DL model to predict the functional cluster for a 
given chemical, which is indicative of its biological function. 

After initial processing of STITCH and STRING data using the QuantMap 
method with default quality criterion, a distance matrix for 130,259 chemicals 
was generated. These chemicals were grouped into functional clusters at five 
distance thresholds (0.001, 0.005, 0.01, 0.05, and 0.1) using hierarchical clus-
tering, and clusters with a minimum support of 100 chemicals were selected 
for modelling. For each distance threshold, 249, 241, 231, 153, and 112 clus-
ters were obtained. The predictive models were trained with the task of pre-
dicting the respective cluster given a chemical structure. 

For all chemicals, SMILES strings were extracted before processing for 
each particular DL framework. Specifically, we trained a FC-DNN using Mor-
gan fingerprints135, a CNN using SMILES-derived feature matrices136 (Figure 
6A), and RNN-based models that treated SMILES as token sequences analo-
gous to natural language137. For RNNs, we explored two different tokenization 
methods: 1) atomwise tokenization, and 2) SmilesPE tokenization, similar to 
Byte Pair Encoding in natural language processing (Figure 6B). Further, 
RNNs were explored with SMILES-based data augmentation to improve gen-
eralization (Figure 1b). 

Across all evaluated architectures, an RNN-based model, Molecular Pre-
diction Model Fine-Tuning (MolPMoFiT)138, achieved the best performance, 
incorporating SmilesPE tokenization and data augmentation (Figure 7). For 
further analysis, we selected the dataset with an intermediate distance thresh-
old of 0.005, containing 241 clusters and 89,216 chemicals. The MolPMoFiT 
model reached an F1 score of 0.89 on a held-out test set of 8,907 chemicals. 
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Figure 6: Data preprocessing for CNN and RNN networks. (A) SMILES strings are 
converted to feature matrices for CNNs, as described by Hirohara et al136. (B) Tokeni-
zation of SMILES for processing with RNN-based networks. Atomwise tokenization 
splits each component of the SMILES string into individual tokens (left), whereas 
pairwise tokenization, defined by Li et al137., generates tokens based on frequent char-
acter pairs (right). This figure originally appeared as Figure 2 in Paper I of this thesis. 

To assess biological relevance, we examined model predictions in depth for 
11 representative compounds: morphine, nalorphine, estrogen, penicillin, am-
picillin, norepinephrine, epinephrine, imipramine, desipramine, chlorproma-
zine, and promethazine. The similarity between these chemicals was assessed 
based on the model's predicted clusters and the distances between them (Fig-
ure 8). We compared the predicted functional clusters with known biological 
functions reported in DrugBank183. We observed that the model successfully 
predicted relevant clusters with strong agreement for all compounds except 
estrogen. A closer inspection of the softmax probability distribution for estro-
gen revealed that, although the top predicted cluster had a probability of 
0.9233, the second and third ranked clusters with probabilities of 0.0397 and 
0.0202 corresponded to functions in DrugBank. 
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Figure 7: Performance comparison between different DL architectures. The figure 
shows the mean F1 score and standard deviation from 10-fold cross-validation on da-
tasets derived from the five distance thresholds. This figure originally appeared as 
Figure 6 in Paper I of this thesis. 

 
Figure 8: Distances between the clusters predicted for the chemicals. This figure orig-
inally appeared as Figure 7 in Paper I of this thesis. 

In summary, we developed a DL model capable of predicting the biological 
similarity between molecules and assigning them to functional clusters. The 
model was generally accurate; when its primary prediction was incorrect, the 
correct cluster was often among the next most probable options. This tendency 
for overconfident predictions, indicated by a high softmax score for the top 
but incorrect cluster, could be attributed to an uncalibrated softmax layer. Cal-
ibrating the softmax could potentially reveal cases where a chemical plausibly 
belongs to multiple functional clusters. 
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Paper II 
This study aimed to develop a predictive framework for identifying MS dis-
ease courses (RRMS/SPMS) at each hospital visit for an individual using 
EHR, with added prediction uncertainty and explainability. 

We evaluated a range of ML and DL models, including logistic regression, 
RF, GBM, SVM, and LSTM network. After comparing model performance 
using cross-validation (CV), RF was selected for further analyses. 

A series of CV analyses was performed to identify the optimal feature set, 
resulting in the exclusion of MSIS-29 data while retaining all remaining fea-
tures. The final RF model without MSIS-29 features achieved an F1 score of 
0.90. To quantify prediction uncertainty, the model was complemented with 
CP. CP was well calibrated (Figure 9a), producing a high proportion of single-
label predictions at a significance level of 0.07, corresponding to a confidence 
level of 93% (Figure 9b). 

 
Figure 9: Testing and validation of the CP model. a) The calibration plot shows the 
expected error rate, known as significance (x-axis), and the observed error rate (y-
axis). A diagonal line indicates a well-calibrated CP model. b) Efficiency plot show-
ing label distribution when predictions were made at various significance levels. The 
model achieved the highest proportion of single-label predictions at a significance of 
0.07 (i.e., a confidence of 93%, calculated as 1 − significance). c) Confusion matrix 
with normalized predictions for both RRMS and SPMS for predictions made at each 
hospital visit of the test set. d) Bubble plot showing test set predictions for each hos-
pital visit. This figure originally appeared as Figure 2 in Paper II of this thesis. 

We evaluated the model’s predictions in three clinically relevant scenarios: i) 
at each hospital visit, ii) at the latest hospital visit of an individual, and iii) for 
people transitioning in disease course from RRMS to SPMS (pwMS-T). In the 
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first scenario (Figure 9c and 9d), we observed 92.1% single-label predictions, 
7.3% incorrect single-label predictions, and 0.5% multiple-label predictions. 
Further analysis of the incorrect single-label predictions showed that a small 
subset of individuals contributed disproportionately to the errors. Specifically, 
3.3% of individuals contributed to 56.8% of erroneous SPMS predictions, 
while 1.1% of individuals contributed to 54.9% of erroneous RRMS predic-
tions. To determine the proportion of individuals contributing to 50% of the 
erroneous predictions across the whole dataset, a four-fold CV was conducted. 
The analysis showed that 2.8% of the population contributed to erroneous 
SPMS predictions and 1% of the population to erroneous RRMS predictions. 

In the second scenario, focusing on predictions at the latest hospital visit, 
there were 3,382 (94.1%) correct single-label, 206 (5.5%) incorrect single-
label (179 erroneous RRMS and 27 erroneous SPMS), and 7 (0.2%) multiple-
label predictions. Further examination of the erroneous RRMS predictions re-
vealed that 111 individuals were predicted as RRMS at the initial visit and 
SPMS at the latest visit, while the clinical diagnosis remained RRMS. Addi-
tionally, 52 individuals were predicted as SPMS at both the initial and the 
latest hospital visit, while the clinical diagnosis remained RRMS. The remain-
ing 16 individuals resulted in uncertain predictions with a clinically impossi-
ble disease course (SPMS to RRMS). 

In the final scenario, there were 467 pwMS-T. CP predicted a transition for 
320 of these individuals. For the remaining cases, the model predicted SPMS 
from disease onset in 125 individuals, RRMS at both onset and the latest visit 
in 21 individuals, and one clinically invalid trajectory in which an individual 
was predicted to transition from SPMS to RRMS. Among the 320 individuals 
with a predicted transition, the timing matched the clinically identified transi-
tion for 137 individuals (Figure 10). In 56 cases, the predicted transition dif-
fered by only one hospital visit, while for 127 individuals the predicted tran-
sition occurred earlier (85 cases) or later than one visit (42 cases). Overall, 
86.9% of predictions aligned with the clinical transition timing either exactly, 
within one visit, or by identifying the change at an earlier point. 

To further assess clinical plausibility, CP performance was evaluated on 
clinically invalid trajectories, such as transitions from SPMS to RRMS. In-
creasing the CP confidence level to 95% or 99% resulted in these cases being 
classified as multiple-label predictions, indicating uncertainty. Integration of 
XAI using SHAP enabled interpretation of these uncertain predictions. Global 
SHAP analysis showed that EDSS and age were the most influential features, 
followed by other clinical variables. 
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Figure 10: This figure shows the difference between the time of the clinically identi-
fied transition from RRMS to SPMS (320 pwMS) in the EHR and the time predicted 
by the model. Negative values indicate an earlier prediction of SPMS, while positive 
values indicate a later prediction. (a) Difference measured in hospital visits. (b) Dif-
ference measured in years. This figure originally appeared as Figure 7 in Paper II of 
this thesis. 

Finally, a web-based application with an anonymized version of the model 
and a reduced feature set was developed for research use and is available at 
https://msp-tracker.serve.scilifelab.se/. 

In conclusion, we developed a well-performing RF model to distinguish 
between RRMS and SPMS at each hospital visit. The integration of CP pro-
vided reliable uncertainty quantification, while SHAP enabled interpretation 
of the model’s decisions. The model successfully predicted transitions, often 
closely aligning with clinically identified transitions, and reliably flagged clin-
ically uncertain predictions. This study has generated considerable interest and 
has been highlighted in more than 50 news outlets worldwide. 

Paper III 
The previous study (Paper II) developed a predictive model using SMSReg 
data up to year 2022. While these results were promising, retrospective eval-
uation alone is insufficient to meet clinical validation standards. Therefore, in 



 

 41 

this study we aimed to prospectively evaluate the model from Paper II using 
newly collected SMSReg data up to the year 2025, adding an additional two 
years and two months of follow-up. 

After data curation, the prospective dataset comprised 15,719 individuals 
and 45,077 hospital visits. The model was evaluated using the same 93% con-
fidence level for CP as established in the previous study. This study evaluated 
performance at both hospital visit and individual levels, benchmarking the lat-
ter against the Lorscheider criteria. 

At the hospital visit level, the model maintained strong predictive perfor-
mance, and its calibration remained stable in the prospective setting. At the 
individual level, performance was assessed by evaluating whether the model’s 
predictions aligned with the clinically assigned disease course, that is, whether 
the individual was in the RRMS or SPMS stage. The model achieved a sensi-
tivity of 98%, a specificity of 89%, a PPV of 61%, and a NPV of approxi-
mately 100%, resulting in an F1 score of 0.75. 

The comparatively lower PPV was investigated further and was found to 
be primarily driven by misclassifications at the most recent follow-up visit for 
some individuals (Figure 11). This likely reflects the use of the clinical diag-
nosis as the gold standard for the model, as several individuals may be in a 
transitional phase and awaiting a formal change in diagnosis. Consequently, 
these apparent false positives may instead represent early detection of disease 
progression by the model rather than misclassification. 

 
Figure 11: Misclassification of pwRRMS by the model over time. The x-axis repre-
sents visits from the most recent visit to older visits up to five years of follow-up. The 
y-axis shows the misclassification rate in each year. The most recent visit periods (0-
1 and 1-2 years) show significantly higher misclassification rates (p < 0.001) com-
pared to earlier periods. This figure originally appeared as Supplementary Figure 1 in 
Paper III of this thesis. 
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The model’s ability to predict the timing of disease course transition was eval-
uated in 218 pwMS-T. The model identified transitions in 194 (89%) cases, 
with 190 (87%) cases detected at the exact visit, within one visit, or at an ear-
lier visit than the clinical diagnosis. 

For comparison with the Lorscheider criteria, analyses were restricted to a 
subset of individuals with sufficient longitudinal data to satisfy the criteria, 
ensuring a fair comparison. The subset yielded 10,750 pwRRMS, 1,809 
pwSPMS, and 202 pwMS-T. Within this subset, the model demonstrated a 
27% increase in sensitivity, a 5% increase in NPV, and an increase of 0.07 in 
F1 score, accompanied by a 6% decrease in specificity and a 6% decrease in 
PPV (Figure 12). When comparing the timing of transition detection, the 
model identified 181 (90%) of 202 transitions, with 177 (88%) cases detected 
at the exact visit, within one visit, or earlier (Figure 13). In contrast, the Lor-
scheider criteria identified 115 (57%) transitions, with 111 (55%) cases de-
tected within the same temporal window. 

Analysis of SHAP values showed consistency with the findings from Pa-
per II, with EDSS and age remaining the most influential features, followed 
by other clinical variables. 

 
Figure 12: Confusion matrix showing the ability of a) the model and b) the Lor-
scheider criteria to identify the disease course of individuals, with the clinical diagno-
sis as reference. This figure originally appeared as Figure 3 in Paper III of this thesis. 

In summary, this study provides a prospective validation of the model devel-
oped in Paper II, demonstrating that the model remains well calibrated and 
performs robustly on newly collected data. The model not only maintained its 
predictive accuracy but also outperformed the Lorscheider criteria in identify-
ing disease course, bringing it one step closer to clinical applicability. 
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Figure 13: Identification of transition timing by the model and the Lorscheider criteria 
compared with the clinician’s diagnosis. The model identified the majority of the tran-
sitions, failing to identify 21 cases, whereas the criteria did not identify transitions in 
87 cases. This figure originally appeared as Figure 4 in Paper III of this thesis. 

Paper IV 
The past two studies (Papers II and III) focused on developing a predictive 
model for RRMS and SPMS classification at each hospital visit and prospec-
tively validating using the SMSReg data. However, the external generaliza-
bility of the model to other populations remained unknown. In this study, we 
externally validated the Swedish model using the MSBase registry and then 
developed models to improve performance and calibration across countries 
in MSBase. 

Both SMSReg and MSBase data were subjected to the same data curation 
pipeline. After curation, SMSReg retained 15,579 individuals and 127,720 
hospital visits. The MSBase registry retained 56,578 individuals with 542,632 
hospital visits from 37 countries. In MSBase, 17 countries had sufficient train-
ing data for modelling, whereas the remaining 20 countries did not. 

When externally evaluating the Swedish model, it showed acceptable cali-
bration in 17 of the 37 MSBase countries, while calibration remained poor in 
the other countries. Therefore, we evaluated three modelling strategies using 
the 17 countries with enough training data: (1) a global model trained and 
calibrated on pooled data from all 17 countries, (2) 17 country-specific models 
trained and calibrated using each country’s data, and (3) 17 hybrid models 
trained on pooled data from the other 16 countries and calibrated on the target 
country. Across the 17 countries, the hybrid models achieved calibration that 
was comparable to or better than the other strategies (examples in Figure 14). 
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Figure 14: Calibration plot for example countries Australia and Kuwait. In both cases, 
the hybrid models showed better calibration than both the global and the individual 
(country-specific) models. This figure originally appeared as Figure 3 in Paper IV of 
this thesis. 

For the 20 countries without sufficient training data, we selected models based 
on calibration quality quantified using JSD. Specifically, we evaluated all 17 
hybrid models, the global model, and the Swedish model. For each country 
and model, we compared the output distribution of CP p-values with the ex-
pected uniform distribution using JSD and selected the best-performing model 
as the one with the lowest JSD (Figure 15). 

After selecting a model for each country, we assessed performance across 
all datasets (SMSReg and MSBase; 38 countries in total). When assigning 
predictions at each hospital visit, the models achieved the highest proportion 
of single-label predictions at an average significance level of 0.09 ± 0.03. The 
rates of multiple-label predictions (10 countries, ranging from 0.07% to 
0.82%) and empty predictions (18 countries, ranging from 0.04% to 1.01%) 
were low. Overall, the models produced a high proportion of correct single-
label predictions (90%). 

We then benchmarked model performance against the Lorscheider criteria. 
As in Paper III, this comparison was restricted to individuals with sufficient 
longitudinal data to satisfy the criteria. The benchmarking dataset included 
8,952 pwRRMS, 1,087 pwSPMS, and 1,087 pwMS-T from 24 countries. On 
average, the models achieved higher sensitivity (+45%), NPV (+8%), and F1-
score (+0.14), whereas the Lorscheider criteria achieved higher PPV (+11%) 
and specificity (+9%). 
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Figure 15: Clustered JSD between countries and models. Lower JSD between a coun-
try and a model indicates better calibration. The blue rectangle indicates the model 
with the lowest JSD value for countries without training data and the hybrid models 
for countries with training data. This figure originally appeared as Figure 4 in Paper 
IV of this thesis. 

Next, we evaluated how closely the predicted transition timing matched the 
clinician-assigned transition visit. Restricting the analysis to countries with at 
least 5 pwMS-T yielded 19 countries with 1,117 individuals. The models iden-
tified 1,052 (94%) transitions, while the Lorscheider criteria identified 807 
(72%) transitions. Among the identified transitions, the models detected 919 
(82%) cases at the exact visit, within one visit, or earlier than the clinician-
assigned transition, whereas the criteria achieved this for 634 (57%) cases. 

Finally, we analyzed SHAP values to assess interpretability. EDSS and age 
at visit contributed most strongly to the predictions, and in some cases the year 
of diagnosis was also influential. The year of diagnosis captures distributional 
shifts in clinical practice and registry composition over time. 

In summary, this study externally evaluated the generalizability of the 
Swedish model across countries in the MSBase registry. We further devel-
oped models that achieved improved calibration across countries and ena-
bled cross-country model use for countries with insufficient training data. 
The models were benchmarked against the Lorscheider criteria and demon-
strated better performance. In addition, SHAP analysis enabled interpreta-
tion of the model predictions. 



 

 46 

Discussion 

This thesis explores how ML approaches can be used to extract biological and 
clinical knowledge from large-scale biomedical datasets. The studies explore 
two different application areas, chemical biology and MS. Although the thesis 
addresses two different scientific questions, they are linked by the common 
theme of developing predictive models from large-scale, high-dimensional 
data and translating them into useful biological and clinical insights. In the 
chemical biology setting, the question is whether DL models can capture bio-
logically relevant information from chemical structures. In the clinical setting, 
the question is whether disease course in MS can be predicted using EHR data. 
To account for clinical utility6,139, these models were further extended with un-
certainty quantification and model interpretability. 

Different biomedical questions require different methodological priori-
ties. Accordingly, this thesis shows that ML is not applied uniformly across 
all studies. In Paper I, a model was developed to predict the biological func-
tion of chemical compounds and identify biological similarity between 
chemicals from their structural representations. In contrast, Papers II, III, 
and IV shifted the focus toward clinically adoptable models, where predic-
tion confidence, interpretability, and generalizability are more important. 
These models focused on addressing the clinical challenge of timely identi-
fication of the transition from RRMS to SPMS using EHR data. While Paper 
II utilized retrospectively collected data from SMSReg, Paper III comple-
mented this by validating the model from Paper II on prospectively col-
lected SMSReg data. Paper IV further extended the previous studies by ex-
ternally evaluating the Swedish model using data from multiple countries in 
the MSBase registry. It also developed calibrated models that are general-
izable to the MSBase registry. 

Deep learning for chemical function prediction 
In biological systems, compounds often interact with more than one target re-
sulting in different effects. This is linked to biological effects emerging 
through interacting proteins and pathways. QuantMap is a method that utilizes 
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interaction networks to provide biological similarity between molecules25. In 
Paper I, we extended this method to chemicals that are not present in the data-
base, thereby enabling prediction of network-derived protein functional clusters 
and biological similarity for novel compounds. This differs from several previ-
ous studies, which mainly focus on binary prediction of chemical-protein inter-
actions by predicting whether a chemical interacts with a given target140–142. A sim-
ilar approach to ours, using the STITCH and STRING databases, predicts met-
abolic pathways but is limited to chemicals with available interaction data143. 
Other methods, such as the Prediction of Biological Activity Spectra for Sub-
stances algorithm22 and iFragMent21, mitigate this limitation by allowing user-
defined novel structures. Our method differs by identifying possible protein 
clusters while also providing biological similarity between chemicals. 

The relevance of network-based prediction is supported by the findings in 
Paper I. We observed examples in which structural similarity did not corre-
spond to functional similarity. In one example, morphine and nalorphine were 
structurally similar to each other but dissimilar to chlorpromazine, yet all three 
were associated with similar biological functions. In contrast, structurally re-
lated compounds such as imipramine and desipramine differed in their biolog-
ical activity from promethazine (Figure 8 and Figure 16). These observations 
suggest that approaches based solely on structural similarity or physicochem-
ical properties may fail to capture functionally relevant relationships. 

 
Figure 16: Chemical structures of Morphine, Nalorphine, Chlorpromazine, Imipra-
mine, Promethazine, and Desipramine. Figure adapted from Supplementary Figure 3 
of Paper I. 

However, these predictions should be interpreted carefully. The predicted 
protein clusters should not be considered proof of mechanistic engagement, 
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as the model does not predict binding affinities or drug-target interactions. 
Instead, it predicts biological similarity based on network-derived training 
labels. Thus, the method is best suited for identifying compounds with sim-
ilar biological profiles and possible biological interactions for further 
downstream analysis. 

Taken together, these findings demonstrate how DL, trained on labels de-
rived from network analysis, can be used to predict biological function from 
chemical structure alone. This makes the approach valuable for screening 
novel compounds even when biological interaction data are unavailable. 

Disease course modelling in multiple sclerosis 
In the second part of the thesis, a clinically important problem was addressed 
by developing ML models to predict the transition in MS from RRMS to 
SPMS. The aim was to enable earlier identification than in routine clinical 
practice. The challenge here is not only to develop an accurate model, but to 
do so in a way that is clinically adoptable through the use of CP and SHAP. 
The aim is not to replace clinician-assigned labelling, but rather to assist de-
cision-making through well-informed predictions. 

Several approaches for identifying MS progression have been proposed pre-
viously60,144–148. Some of them, similar to ours, aim to identify the transition from 
RRMS to SPMS earlier than clinicians60,144,148. For example, Ramanujam et al144. 
developed a decision tree model for disease course classification using EDSS 
and age, reporting an accuracy of 89% in a Swedish cohort of 14,387 individu-
als. Lorscheider et al60. proposed rule-based criteria for identifying SPMS using 
EDSS, achieving an accuracy of 87% in 17,356 individuals from MSBase. In 
the EXPAND trial52, which investigated the effect of siponimod on SPMS, cri-
teria were developed to identify pwSPMS for study inclusion. These EXPAND 
criteria were not evaluated in the original study. However, they have since been 
evaluated in other studies against objective classifiers, including the decision 
tree model by Ramanujam et al144. and the Lorscheider criteria149–151. These com-
parisons suggest that the EXPAND criteria are less sensitive and less consistent 
than the objective classifiers. Another approach by Ziemssen et al148. used EDSS, 
age, and disease activity together with additional questionnaires to classify 
RRMS and SPMS, achieving 82% sensitivity and 84% specificity in a cohort of 
198 individuals. In contrast, our approach utilized EHR data only, thereby cir-
cumventing the need for additionally collected data, while also providing the 
added benefits of CP and SHAP. This makes the approach particularly useful 
for routine clinical implementation, where access to standardized and already 
available data is essential. 
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Paper II established the initial framework for EHR-based disease course 
prediction by combining ML with uncertainty quantification and model inter-
pretability. The model achieved a macro F1 score of 0.90. Analysis of the 
misclassified cases showed that the model struggled particularly in pwRRMS 
with high EDSS, often related to poor recovery after relapses, and in pwSPMS 
who were younger and/or had lower EDSS scores, representing less typical 
SPMS profiles. This suggests that model predictions should be interpreted to-
gether with the clinical context. From a translational perspective, this study 
lays the foundation for clinically relevant disease course modelling, where the 
incorporation of CP and SHAP is better aligned with clinical decision support 
than forced binary classification6,139. 

Paper III extended the previous work by moving beyond retrospective 
modelling and toward a setting closer to clinical application152. Prospective val-
idation showed that CP remained well calibrated and robust to unseen data; 
any shift in calibration would indicate the need for recalibration before pre-
diction129,153. In addition, the model effectively identified RRMS to SPMS tran-
sitions compared with the Lorscheider criteria, suggesting that it is less con-
strained by the longitudinal confirmation requirements that may delay the 
rule-based classification. 

The prevalence of SPMS is estimated to be around 20 to 30% according to 
a natural history study53 and contemporary cohorts154. This prevalence was 
found to be lower in some cohorts, where clinicians diagnosed SPMS in an 
average of 18% of cases, compared with 22% identified by the Lorscheider 
criteria150. It has also been reported in a Danish cohort that many individuals 
with characteristics similar to the SPMS population were not diagnosed as 
SPMS151. These studies suggest that diagnostic uncertainty may delay recogni-
tion and contribute to underreporting of SPMS. A similar observation was 
found in our study, where both the model and the Lorscheider criteria showed 
lower PPV, pointing toward transitions identified by these methods that may 
not yet have received clinical confirmation. Compared with the expected prev-
alence, the model identified 25% of individuals as having SPMS, followed by 
the Lorscheider criteria at 17% and clinicians at 16%, suggesting that the 
model was more in line with the expected SPMS prevalence53,154. 

Moreover, the timing of transition identification also matters. A German 
cohort study showed a delay of 13.9 months in identifying SPMS when using 
the Lorscheider criteria compared with the neurologists’ definition155. In the 
same study, there was 60.8% later detection of SPMS by the Lorscheider cri-
teria compared with clinician diagnosis. Similarly, in an Italian cohort, Laf-
faldano et al149. reported a time to SPMS conversion of 7.63 years compared 
with 6.55 years by clinician assessment. Another study by Laffaldano et al156. 
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showed that time to SPMS conversion in individuals with RRMS onset was 
shorter by clinician assessment at 12.0 years than by the Lorscheider criteria 
at 15.4 years. In comparison, in our study, 88% of transitions identified by the 
model were detected near to or earlier than the clinician-assigned visit, com-
pared with 55% by the criteria, which may help mitigate this delay. 

Paper IV broadened the scope of the previous studies (Papers II and III) 
from a national-level prediction model to international validation and im-
proved modelling using data from the MSBase registry. Differences in clinical 
practice, follow-up density, treatment patterns, and other system-level factors 
can influence model transportability51,157,158. This was reflected in the lower per-
formance of the Lorscheider criteria and the decision tree model when applied 
to an external Canadian cohort144. Similarly, in another study, the Lorscheider 
criteria underperformed compared with clinicians when applied to a German 
cohort155. Across different cohorts, SPMS identification also varied, including 
12.1% in an Italian cohort156, 20% in a Danish cohort151, 18% in MSBase60, and 
less than 40% in the UK150 according to the Lorscheider criteria. This suggests 
that variation in clinical practice and data standards contributes to differences 
in performance across cohorts. This motivated the evaluation of our Swedish 
model on external datasets. Although the initial findings suggested that the 
Swedish model was adequate for adaptation in some countries, a hybrid mod-
elling strategy facilitated better adaptation to the data in MSBase countries. 
Hybrid modelling suggests that progression-related patterns exist across da-
tasets, but that heterogeneity between datasets remains a major challenge for 
reliable disease course classification using a single model. Moreover, the mod-
els performed effectively compared with the Lorscheider criteria, which lack 
adaptability to country-specific data standards. This is likely because the hy-
brid modelling framework accounted for distributional shifts and adapted to 
the data standards within each country. A similar challenge was observed in 
another study when predicting disability progression within two years, where 
it was addressed through model personalization using global training followed 
by fine-tuning to individual centres159. 

An additional point to consider is that Papers II, III, and IV used clinician-
assigned disease course as the gold standard. This is an important considera-
tion, as these labels are subjective and therefore introduce uncertainty, partic-
ularly around the transition from RRMS to SPMS. An alternative would have 
been to use the Lorscheider criteria. However, although useful as an objective 
comparator, these criteria are rule-based and may not capture the full clinical 
complexity of the disease. In contrast, clinician-assigned disease course re-
flects judgement based on longitudinal history, subtle signs of progression, 
and familiarity with the individual patient. Therefore, despite the remaining 
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uncertainty, clinician-assigned disease course is likely the more appropriate 
gold standard for clinically relevant modelling. 

Trust in AI 
The important difference between Paper I and the later studies is that the latter 
do not stop at predictive performance alone. Instead, they incorporate uncer-
tainty quantification through CP and interpretability through SHAP. This is 
particularly important in settings where model outputs may influence clinical 
decision-making6,139. 

In Paper I, a deeper analysis of estrogen showed that the predicted function 
aligned more closely with the second- and third-ranked predictions, despite 
the first-ranked prediction having the highest softmax probability. This illus-
trates an important limitation of standard DL outputs, namely that softmax 
probabilities are often not well calibrated160,161. However, in the context of Pa-
per I, the consequences of such miscalibration are limited, since the aim was 
to predict tentative biological function. These predictions can therefore be 
used as an initial screening or hypothesis-generating step, followed by further 
analysis using additional models or downstream validation162, without direct 
consequences for patient care. At the same time, calibration of such probabil-
ities could potentially indicate cases where multiple functional assignments 
may be plausible. 

In contrast, Papers II, III, and IV address disease course prediction in 
MS, where trustworthy and informative predictions are particularly im-
portant. In this context, CP can flag uncertain predictions rather than forcing 
a single-label output in all cases163. For example, CP may produce multiple-
label predictions when it cannot distinguish between two classes, and empty 
prediction sets for unknown cases, thereby leaving such cases unresolved 
when the evidence is insufficient. These uncertain predictions may identify 
individuals who require closer clinical review rather than immediate reliance 
on the model output. 

Across the MS studies, an important objective was to maintain CP cali-
bration. Paper II developed a well-calibrated Swedish model, and Paper III 
ensured CP calibration before evaluating performance on prospective data. 
In Paper IV, CP was calibrated to better fit the data distribution within each 
country through hybrid modelling strategies. Deviations from good calibra-
tion may arise from several factors, including measurement noise, incon-
sistent clinical variables, uncertainty in assigned labels, limited representa-
tion of certain patient groups, and site-specific differences in local clinical 
practice and data standards7,51,55,158,164,165. Together, these factors reduce model 
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reliability and make uncertainty estimation particularly important in clinical 
prediction settings. 

Complementing the uncertainty estimates, model interpretability through 
SHAP addresses the reasoning behind the predictions made by the model166. 
This is valuable, especially when the model makes unreliable predictions. 
SHAP values showed that variables such as EDSS and age at visit were 
among the strongest contributors, as also reported in other studies144,167,168. 
Other factors also contributed to the model, but their interpretation requires 
caution. SHAP output should not be interpreted as a causal explanation; ra-
ther, it indicates how the model uses the features to generate its predictions. 
Even so, this makes the model more transparent and helps relate its predic-
tions to existing knowledge. 

Even when uncertainty quantification and XAI are incorporated, other fac-
tors still influence adoption of the model in clinical practice. A key challenge 
is the limited understanding of how these outputs should be interpreted, which 
may make both clinicians and pwMS hesitant to trust AI-based predictions169. 
Moreover, pwMS may differ in how meaningful they consider labels such as 
RRMS or SPMS to be170,171. In addition, broader system-level factors, such as 
insurance, healthcare benefits, and access to support, may be affected when 
an individual is labelled as having SPMS, which could create further re-
sistance to earlier assignment of this label51,172. Together, these examples show 
that trust and adoption of AI depend not only on model performance, uncer-
tainty estimation, and interpretability, but also on individual preferences, clin-
ical culture, and the structure of the healthcare system. 

Data realities 
Model performance is closely linked to the limitations of the underlying data. 
In Paper I, the model does not account for stereoisomers, as they are not dis-
tinguished in STITCH, and this limitation propagates to the QuantMap frame-
work and the generated labels. In addition, some of the QuantMap clusters 
contained large numbers of chemicals, suggesting limited biological resolu-
tion rather than precise similarity across all compounds. This may also have 
been amplified by the distance criteria used, such as 0.005 instead of 0.001, to 
generate the clusters. 

Similar but distinct challenges were present in the clinical studies. A pri-
mary challenge is that the gold standard for defining SPMS is not fully objec-
tive60. It depends on clinician assessment and may also be influenced by 
broader system-level factors51. This makes disease course modelling inherently 
difficult, since the target label itself contains uncertainty. In addition, cross-
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country differences in clinical practice and data standards may alter the rela-
tive importance of clinical features, making harmonization more difficult. 
This is reflected in the need for separate modelling and improved calibration 
for individual countries. Furthermore, EDSS is weighted toward ambulatory 
function and may insufficiently reflect cognition58. Since clinician-assigned 
SPMS also relies largely on EDSS, not all aspects of disease progression are 
captured, and this limitation may propagate to the models. These limitations 
highlight why uncertainty estimation and careful validation are particularly 
important in the clinical studies. 

Conclusion and future perspectives 
This thesis focused on developing predictive models using large-scale bio-
medical datasets from public resources and clinical registries. In Paper I, 
modelling was used for biological function prediction of chemicals, address-
ing a limitation of the previously developed QuantMap method by extending 
it to novel chemicals not represented in the database. In Paper II, the focus 
shifted to predicting disease course in MS using SMSReg data, with an em-
phasis on clinical applicability through the incorporation of CP and SHAP. In 
Paper III, the Swedish model from Paper II was prospectively validated us-
ing newly collected SMSReg data and benchmarked against the widely used 
Lorscheider criteria for SPMS diagnosis. In Paper IV, the Swedish model was 
externally evaluated on data from multiple countries in MSBase, and addi-
tional well-calibrated models were developed for individual MSBase coun-
tries. These models were then benchmarked against the Lorscheider criteria 
and showed improved performance. Taken together, the findings of this thesis 
show that ML can be used to derive meaningful biological and clinical insights 
from complex biomedical data, while also highlighting the importance of cal-
ibration, interpretability, and validation for translation into real-world use. 

With all this said, these studies offer several directions for future develop-
ment. First, there is scope for improved modelling approaches. Transformer30-
based architectures have shown strong performance in drug discovery173 and 
EHR-based tasks174,175. With the increasing availability of pretrained foundation 
models176, such approaches have become easier to apply through fine-tuning. 
In MS disease course modelling, longitudinal data integration with these mod-
els may help capture temporal disease dynamics rather than relying on snap-
shots of clinical data. In chemical applications, graph convolutional net-
works177 may provide a more natural way to represent molecular structure. 

Another possible direction is the integration of multiple data modalities. 
We have previously shown that combining cell painting data with chemical 
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structure improves mechanism-of-action prediction compared with either mo-
dality alone178. A similar approach, combining data from other publicly avail-
able databases such as KEGG14 and Reactome179, may also be beneficial. In MS, 
integrating additional molecular data, such as metabolomics and genomics, 
together with biomarkers such as neurofilament light chain180 and glial fibril-
lary acidic protein 181, may further improve disease course prediction. 

At the same time, better modelling and more data alone do not ensure the 
applicability of a model, especially if it is no longer well calibrated. As clinical 
practice changes, previously trained models may become less reliable over 
time. Regular recalibration is therefore likely to be necessary, and methods 
such as martingale-based monitoring and online CP may help detect and adapt 
to such changes131,182. However, recalibration alone may not be sufficient if the 
underlying model begins to underperform, in which case retraining may also 
be required. 
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Sammanfattning 

Maskininlärning är ett samlingsnamn för metoder där datorer lär sig att iden-
tifiera mönster i data som är svåra för oss att upptäcka på egen hand. Sådana 
metoder används idag inom många områden, till exempel läkemedelsutveckl-
ing och hälso- och sjukvård. I denna avhandling används maskininlärning för 
att studera två biomedicinska problem: kemiska föreningars effekter i kroppen 
och när multipel skleros övergår till ett mer allvarligt stadium. 

Den första delen av avhandlingen, som omfattar artikel I, handlar om läke-
medelsutveckling. För att förstå vad en kemisk förening har för effekt i krop-
pen jämförs dess struktur ofta med strukturerna hos andra kända föreningar. 
Även mycket små förändringar i strukturen kan leda till helt olika effekter. 
För att hantera detta utvecklade vi en djupinlärningsmetod, en typ av maskin-
inlärning, som kan lära sig från kemisk struktur och förutsäga möjliga biolo-
giska funktioner. Eftersom modellen tränas på biologiska data kan den hitta 
information som annars är svår att upptäcka. Det gör det möjligt att uppskatta 
funktionen hos nya eller mindre studerade kemiska föreningar och hjälper 
forskare att avgöra vilka ämnen som är mest intressanta att undersöka vidare. 

Den andra delen handlar om multipel skleros, en sjukdom som påverkar 
hjärnan och ryggmärgen. Det kan påverka det dagliga livet på många sätt, till 
exempel genom att orsaka trötthet, rörelsesvårigheter eller problem med 
minne och koncentration. Sjukdomen börjar ofta med perioder av försämring 
och återhämtning, så kallad skovvis förlöpande multipel skleros. Hos många 
patienter övergår den senare i en mer jämnt tilltagande form, kallad sekundär-
progressiv multipel skleros. Att upptäcka när denna förändring sker är viktigt 
eftersom behandling och uppföljning kan behöva anpassas, men idag konsta-
teras den ofta först flera år senare. 

En stor del av denna avhandling fokuserar på att utveckla modeller för att 
identifiera denna förändring tidigare med hjälp av information som redan sam-
las in vid rutinmässiga vårdbesök. Modellerna analyserar kliniska data från 
varje sjukhusbesök för att skilja mellan sjukdomsstadierna och därigenom 
upptäcka övergången tidigare. Arbetet genomfördes först med svenska regis-
terdata (artikel II), testades därefter på nyinsamlade svenska data (artikel III) 
och anpassades slutligen till data från flera länder (artikel IV). Detta gjorde 
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det möjligt att undersöka om modellerna fungerade i en svensk kontext och 
om de förblev tillförlitliga i olika sjukvårdssystem och patientpopulationer. 

En viktig del av arbetet var att göra modellerna mer tillförlitliga och lättare 
att förstå. De utformades för att visa både vilka faktorer som påverkade pre-
diktionen och hur tillförlitlig prediktionen var. Detta är viktigt inom hälso- 
och sjukvården, där hög träffsäkerhet i sig inte är tillräcklig. Kliniker behöver 
också veta när ett resultat går att lita på och när det bör tolkas med försiktighet. 

Sammanfattningsvis visar avhandlingen att maskininlärning kan hjälpa oss 
att förstå komplexa biologiska och medicinska data. Den kan bidra både till att 
förutsäga kemiska föreningars biologiska funktion och till tidigare upptäckt av 
sjukdomsprogression vid multipel skleros. Samtidigt är det viktigt att sådana 
metoder inte bara är träffsäkra utan också begripliga och praktiskt användbara. 
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സം#ഗഹം 

െമഷീൻ േലണിംഗ് എ.ത്, നമു2് എളു45ിൽ തിരി8റിയാൻ കഴിയാ5 

സ?ീർAമായ ഡാCാ മാതൃകകൾ കെF5ാൻ കGHൂJറുകെള സഹായി2ു. ഒരു 

രീതിയാണ്. ഇ.് ഇത് മരു.് വികസനം, ആേരാഗHപരിചരണം എ.ിവ ഉൾെ4െട നിരവധി 

േമഖലകളിൽ വHാപകമായി ഉപേയാഗി2ു.ു. ഈ WപബY5ിൽ, രF് 

ൈജവൈവദHശാസ്Wത വിഷയ^ൾ പഠി2ാനാണ് െമഷീൻ േലണിംഗ് ഉപേയാഗി2ു.ത്: 

രാസവസ്തു2ൾ ശരീര5ിൽ എ`് Wപവർ5നമാണ് നട5ു.ത് എ.തും, 

നാഡീവHൂഹസംബYമായ മൾJി4ിൾ സ്aിേറാസിസ് എ. േരാഗം എേ4ാഴാണ് കൂടുതൽ 

ഗുരുതരമായ ഘJ5ിേല2് മാറു.ത് എ.തുമാണ്. 

ഈ WപബY5ിെc ആദHഭാഗം, േലഖനം I-ൽ വിവരി8ിരി2ു.തുേപാെല, മരു.് 

വികസനെ5 േകWeീകരി8ുfതാണ്. ഒരു രാസവസ്തു ശരീര5ിൽ എ^െന 

Wപവർ5ി2ു.ു എ.് മനgിലാ2ാൻ, അതിെc ഘടനെയ ഇതിനകം അറിയെ4ടു. 

മC് വസ്തു2ളുെട ഘടനകളുമായി പലേ4ാഴും താരതമHം െചiാറുF്. എ.ാൽ 

ഘടനയിെല വളെര െചറിയ മാC^ൾ േപാലും തീർ5ും വHതHസ്തമായ ഫല^ളിേല2് 

നയി2ാം. ഇതിന് പരിഹാരമായി, രാസഘടനയിൽ നി.് പഠി8് സാധHമായ ൈജവ 

Wപവർ5ന^ൾ മുൻകൂJി Wപവചി2ാൻ കഴിയു. ഒരു ഡീപ് േലണിംഗ് രീതിയാണ് ഇവിെട 

വികസി4ി8ിരി2ു.ത്. ൈജവശാസ്Wത ഡാC ഉപേയാഗി8് ഈ േമാഡലിെന 

പരിശീലി4ി8തിനാൽ, സാധാരണയായി കെF5ാൻ Wപയാസമുf വിവര^ളും ഇതിന് 

തിരി8റിയാൻ കഴിയും. ഇതിലൂെട പുതിയേതാ അധികം പഠനം നട2ാ5േതാ ആയ 

രാസവസ്തു2ളുെട സാധHതാപരമായ Wപവർ5ന^ൾ വിലയിരു5ാനും, അതിലുപരി 

കൂടുതൽ ഗേവഷണം ആവശHമായ സംയുk^ൾ ഏെതാെ2യാെണ.് 

കെF5ുവാനും ഗേവഷകർ2് സാധHമാകു.ു. 

WപബY5ിെc രFാം ഭാഗം, മസ്തിഷ്കെ5യും സുഷുമ്നാനാഡിെയയും 

ബാധി2ു. മൾJി4ിൾ സ്aിേറാസിസ് എ. േരാഗെ52ുറി8ാണ്. തളർ8, 

ചലനWപശ്ന^ൾ, ഓർnയിേലാ Wശoയിേലാ ബുoിമുJുകൾ എ.ീ േരാഗലpണ^ൾ 

വഴി ഈ േരാഗം ൈദനംദിനജീവിതെ5 പല രീതിയിൽ ബാധി2ാം. സാധാരണയായി 

േരാഗ ലpണ^ൾ രൂpമാകുകയും പി.ീട് കുറയുകയും െചiു. ഘJ^േളാെടയാണ് 

ഈ േരാഗം ആരംഭി2ു.ത്. എ.ാൽ പല േരാഗികളിലും ഇത് Wകേമണ qിരമായി 

േമാശമാകു. ഒരു ഘJ5ിേല2് മാറു.ു. ചികിrയും തുടർപരിചരണവും 

മാേCFിവരുെമ.തിനാൽ ഈ മാCം േനരെ5 തിരി8റിയുക എ.ത് വളെര 

Wപധാനെ4Jതാണ്. എ.ാൽ ഇ.് ഇത് പലേ4ാഴും വർഷ^ൾ കഴിsാണ് വHkമായി 

തിരി8റിയെ4ടു.ത്. 

ഈ WപബY5ിെc ഒരു Wപധാന ഭാഗം, qിരമായുf ആേരാഗHപരിേശാധനകളുെട 

ഭാഗമായി േശഖരി2ു. വിവര^ൾ ഉപേയാഗി8് ഈ മാCം േനരെ5 തിരി8റിയാൻ 
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സഹായി2ു. േമാഡലുകൾ വികസി4ി2ു.തിലായിരു.ു. ഓേരാ aിനി2ൽ 

സeർശന5ിലും േശഖരി2ു. വിവര^ൾ വിശകലനം െചയ്ത്, േരാഗ5ിെc വിവിധ 

ഘJ^െള േവർതിരി8റിയാനും അതിലൂെട േരാഗമാCം േനരെ5 കെF5ാനും ഈ 

േമാഡലുകൾ സഹായി2ു.ു. ഈ പഠനം ആദHം സtീഡനിെല രജിസ്Wടി ഡാC 

ഉപേയാഗി8ാണ് നട5ു.ത് (േലഖനം II). തുടർ.് പുതുതായി േശഖരി8 സtീഡിഷ് 

ഡാCയിൽ ഇത് പരിേശാധി2ുകയും (േലഖനം III), ഒടുവിൽ വിവിധ രാജH^ളിൽ നി.ുf 

വിവര^ൾ2് അനുേയാജHമായി ഇത് വികസി4ി2ുകയും െചയ്തു (േലഖനം IV). 

ഇതിലൂെട സtീഡനിൽ വികസി4ി8 േമാഡലുകൾ, വHതHസ്ത 

ആേരാഗHസംവിധാന^ളിലൂെടയും േരാഗിസമൂഹ^ളിലൂെടയും എWതേ5ാളം 

വിശtസനീയമായി Wപവർ5ി2ു.ു എ.് പരിേശാധി2ുവാനും സാധി8ു. 

ഈ Wപവർ5ന5ിെല മെCാരു Wപധാന ലpHം, േമാഡലുകെള കൂടുതൽ 

വിശtസനീയവും എളു45ിൽ മനgിലാ2ാവു.തുമായ രീതിയിൽ രൂപകൽ4ന 

െചiുക എ.തായിരു.ു. Wപവചനെ5 സtാധീനി2ു. ഘടക^ൾ 

ഏെതാെ2യാെണ.ും, ഒരു ഫലം എWതേ5ാളം വിശtസി2ാവു.താെണ.ും 

കാണി2ു. തര5ിലാണ് ഇവ രൂപകൽ4ന െചയ്തിരി2ു.ത്. ആേരാഗHരംഗ5് 

കൃതHത മാWതം മതിയാകിu, മറി8് ഒരു ഫലം എേ4ാെഴuാം വിശtസി2ണം, എേ4ാെഴuാം 

ജാWഗതേയാെട വHാഖHാനി2ണം എ.തും േഡാക്ടർമാർ2് അറിേയFതുF്. 

ചുരു25ിൽ, സ?ീർAമായ ൈജവൈവദHശാസ്Wത ഡാC മനgിലാ2ാൻ െമഷീൻ 

േലണിംഗ് സഹായി2ാെമ.് ഈ WപബYം കാണി2ു.ു. രാസവസ്തു2ളുെട ൈജവ 

Wപവർ5നം Wപവചി2ു.തിലും, മൾJി4ിൾ സ്aിേറാസിസിൽ േരാഗവികാസം േനരെ5 

തിരി8റിയു.തിലും ഇത് സഹായകരമാണ്. അേത സമയം, ഇ5ര5ിലുf രീതികൾ 

കൃതHമായതുമാWതമu, സുതാരHവും Wപാേയാഗികമായി 

ഉപേയാഗി2ാനാകു.തുമായിരി2ണം എ.തും അWത തെ. Wപധാനമാണ്. 
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എെc അn ഭാഗീരഥി പി.എgിേനാടും (കല), അwൻ Wശീനിവാസൻ പി.വിേയാടും (കAൻ) 

എനി2് തീർ5ാൽ തീരാ5 കട4ാടുF്. നി^ളുെട സ്േനഹവും പി`ുണയും ഇuാെത 

ഞാൻ ഒരി2ലും ഇതുവെര എ5ിuായിരു.ു. എനി2് േവFി നി^ൾ െചയ്ത 

എuാ5ിനും, എേ4ാഴും എെc കൂെട ഒരു താ^ായി നി.തിനും ഒരുപാട് നeി. അwാ, 

എെc ഈ പിഎ8്ഡി (PhD) തീരു.ത് കാണാൻ അwൻ ഇവിെട എെc കൂെട 

ഉFായിരുെ.?ിൽ എ.് ഞാൻ ഒരുപാട് ആWഗഹി2ു.ു. എെc സേഹാദരൻ സyയ് 

പി.എgിന്, എേ4ാഴും എനി2് നൽകിയ സ്േനഹ5ിനും കരുതലിനും വലിെയാരു നeി. 

രFു ദിവസ5ിൽ കൂടുതൽ ഒരുമി8ു കഴിsാൽ നnൾ തnിൽ വഴ2ിടുെമ?ിലും, 

WപേതHകി8് ബുoിമുJുf സമയ^ളിൽ നീ എെ.യും നnുെട കുടുംബെ5യും 

േചർ5ുപിടി8തിന് എനി2് നിേ.ാട് എ.ും കട4ാടുF്. നnൾ പ?ുെവ8 

ചിരികൾ2ും സേ`ാഷ^ൾ2ും, ഇനി വരാനിരി2ു. നu നിമിഷ^ൾ2ുമായി 

അനുWഗഹ സyയിനും ഒരുപാട് നeി. പിെ. നnുെട വീടിെc താരമായ അശtിക് 

സyയിന് (ച22ുJൻ) ഒ5ിരി സ്േനഹം. ഞ^െള എuാവെരയും എേ4ാഴും 

ചുറുചുറുേ2ാെട നിർ5ു.തിനും, എെc െടൻഷൻ മുഴുവൻ മാCാൻ 

സഹായി2ു.തിനും ച22ുJന് വലിെയാരു നeി. 

I am eternally grateful to my mother, Bhagirathy P.S. (Kala), and my father, 
Sreenivasan P.V. (Kannan). I do not know how I would have come this far 
without your love, support, and guidance. Thank you for everything you have 
done for me and for always being my support system. Dad, I only wish you 
were here to see this PhD journey come to its end. To my brother, Sanjai P.S., 
thank you for your unwavering love and care at all times. Even though we 
start fighting if we are together for more than two days, I will always be in-
debted to you for how you have taken care of our family and me, especially 
during the difficult times. Thank you also to Anugraha Sanjai for all the 
laughter and joyful moments we have shared, and for all that is yet to come. 
And a huge amount of love to Ashvik Sanjai (Chakkakkuttan), for being the 
star of our house, keeping all of us on our toes, and always helping me forget 
my stress. 

Thanks also to my late grandfather, Sreenivasan P.N., and my late grand-
mother, Rajeswari. Thank you for all the love you poured into my life. 

!ೂ#$, ನನ& 'ಂಡ* ಅಮೂಲ. ಕೃಷ2 345 (ಅಮು7) ಅವರ :;* ಮತು= >ಂಬಲ@ಲAB ಈ ಪEFGಣ 
IGಧ.KGಗು*=ರMಲA. FGKGಗಲೂ ನನ& NೂO ಇದRದRಕೂS, ನನ$ ಸUG ಶW=FGX YಂತದRಕೂS ಧನ.KGದಗಳ[. 
ಕಷ5ದ ಸಮಯಗಳMA ನನ&ನು& ]G^7_ಂದ IGX`, >ೕಸರದ bಣಗಳMA ನನ&ನು& ಹುdದುಂe`, YfG3ಯ 
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bಣಗಳMAಯೂ ಸಹ gGನು ಸಹ# ಮತು= ದh ಕ^ಯದಂO ij;]Gkl`ದR!S ಧನ.KGದಗಳ[. Yನ& YIGmಥo 
:;*$ ನನ& ಹೃದಯಪjವoಕ ಕೃತpOಗಳ[. gGನು Yನ&ನು& ಮತ=ಷು5 :;*ಸುO=ೕ#. 

Finally, this journey would not have been possible without the constant love 
and support of my wife, Amulya Krishna Shetty (Ammu). Thank you for al-
ways being there for me and for being my constant source of strength. Thank 
you for helping me through difficult times, cheering me up when I was down, 
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