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1 Introduction

1.1 Multiple Sclerosis

1.1.1 Epidemiology

Multiple sclerosis (MS) is a chronic inflammatory autoimmune disease that affects
the central nervous system (CNS) (Steinman 1996; Filippi et al. 2018). It is
characterized by localized foci of lesions, particularly in the white matter, which
mainly result from demyelination of nerve fibers and subsequent secondary

axonal damage (Compston and Coles 2008).

The incidence and prevalence of MS have increased during the last years,
especially in younger age groups, currently resulting in about 2.5 million MS
cases worldwide (Walton et al. 2020). Its prevalence average rate is around 83
per 100,000, with higher rates in Europe, the United States and parts of Australia
(Browne et al. 2014). A gradient can be observed here, where the number of
cases increases with a greater distance from the equator. In Germany, the
prevalence measured by health insurance data is between 175 and 289 cases
per 100,000 insured persons, resulting in a number of 143,000 to 199,500
patients diagnosed with MS (Jakob Holstiege et al. 2017). The typical onset age
of MS is patients in their 20s or 30s, with women being affected two to three times
more often than men (Pugliatti et al. 2006). MS is the most common cause of
permanent disability in young adults with CNS disorders (Ramagopalan and
Sadovnick 2011; Runmarker and Andersen 1993). Due to the relatively young
onset age and the long course of the disease, high costs for health care systems

are associated with MS (Flachenecker et al. 2017).

1.1.2 Etiology and pathogenesis
Despite intensive research, the key aspects of the etiology, pathogenesis and

pathophysiology of MS remain unclear.



Regarding the etiology of MS, a combination of genetic and environmental factors
is considered as likely cause (Noseworthy et al. 2000; Sawcer et al. 2014).
Studies have identified a genetic predisposition for MS with a tendency for familial
clustering and an increased risk of developing the disease for family members of
affected individuals (Hawkes and Macgregor 2009). So far, no causal genetic
mutations have been found that are directly associated with the emergence of
MS. However, MS patients commonly exhibit mutations in various genetic loci
responsible for the immune response, including alleles of the human leukocyte

antigen system, among others (Hohlfeld 2010; Dyment et al. 2004).

It is also believed that certain environmental factors including geography, vitamin
D deficiency, obesity and smoking may be correlated with the development of MS
disease (Ascherio 2013; Milo and Kahana 2010). Furthermore, there is a
presumption that an infection with the Epstein-Barr virus in adulthood is
associated with an increased risk of developing MS, but the specific mechanism

behind this association is not yet understood (Ascherio 2013; Levin et al. 2005).

Although the exact cause of MS remains unknown, there is a general agreement
that its pathogenesis involves the activation of autoimmune reactions targeting
myelin proteins, resulting in structural and morphological changes within the CNS
(Zhao et al. 2018). The disease is characterized by a T-lymphocyte-mediated
autoimmune reaction, which triggers inflammatory demyelination and
neurodegeneration in the CNS (Yan et al. 2019; Liu et al. 2022). It is hypothesized
that autoreactive T-lymphocytes from the periphery cross the blood-brain-barrier
and migrate into the CNS (Sweeney et al. 2019), where they induce an
inflammatory reaction through the release of proinflammatory cytokines (Hohlfeld
et al. 2016). This allows the influx of additional immune cells like macrophages
and B-lymphocytes, which produce antibodies directed against proteins in the
myelin sheath (Cobo-Calvo et al. 2020; Cross et al. 2020), as well as components
of the humoral immune response (Sospedra and Martin 2005).

Pathologically, this inflammation manifests as focal areas of axonal
demyelination, axonal conduction block and neuronal loss in the brain and spinal

cord, so-called MS lesions (Filippi et al. 2018). These lesions are characterized



by limited remyelination and reactive astrocyte proliferation, leading to the
formation of gliotic scars. As these permanent changes, collectively known as
sclerosis, occur in multiple areas, the disease is called “Multiple Sclerosis” (Ebers
2008; Sadovnick et al. 1996). The preferred locations of the lesions are found
around the ventricles, in the cortical/juxtacortical regions, in the infratentorial

areas, and in the spinal cord (Fazekas et al. 1999; Thompson et al. 2018).

1.1.3 Clinical presentation and stages of progression
MS is characterized by a variable clinical presentation and a wide range of

symptoms, depending on the extension and localization of the lesions.

Currently, the classification by Lublin and Reingold from 1996 (Lublin and
Reingold 1996), which distinguishes three main forms of progression, is
commonly used and accepted. These include relapsing-remitting MS (RRMS),
which can transition into a secondary progressive form (SPMS), as well as
primary progressive MS (PPMS), which is characterized by continuous

progression from the onset.

At the time of initial diagnosis, approximately 85-90% of patients are diagnosed
with RRMS (Burt et al. 2019; Carlstrom et al. 2019). In this form of the disease,
symptoms occur in episodes, characterized by neurological deficits that may
partially or completely resolve between the relapses. Within a span of 20 years,
about 50% of patients with RRMS transition to a SPMS (Kappos et al. 2018;
Kapoor et al. 2018) with a continuous progression of the symptoms without
remission phases. In around 15% of patients, the disease manifests as PPMS
(Rocca et al. 2017; Tsagkas et al. 2019) at the time of diagnosis, which is
characterized by a progressive increase in neurodegenerative symptoms without
a previous relapsing-remitting pattern. Additionally, there is a fourth category
called clinically isolated syndrome (CIS) (Chung et al. 2020; Metz et al. 2017),
which describes the first episode of focal neurological deficits which last at least
24 hours, caused by inflammation or demyelination. The findings in patients with
a CIS do not fully meet the diagnostic criteria for a temporal and spatial

dissemination of the lesions in the CNS. However, in the course of time, 40-80%
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of the CIS cases convert to MS disease (Trojano et al. 2003; Fisniku et al. 2008).
A typical early symptom that manifests in MS is an inflammation of the optic
nerve, known as optic neuritis (Halilovic et al. 2014). In this case, patients usually
experience unilateral visual impairment, often accompanied by a central scotoma
and pain during eye movement (Weinshenker et al. 1989). Further early
symptoms may appear as sensory disturbances, such as paresthesia or
hypesthesia, as well as chronic fatigue (Compston and Coles 2008). As the
disease progresses, additional symptoms usually appear, which can affect
various organ systems, depending on the extent of the MS lesions. These
symptoms may manifest as motor disturbances such as spastic paresis, gait
disturbances and muscle weakness (Schmidt et al. 2022). Additionally, patients
may suffer from cerebellar disorders such as ataxia or nystagmus (Compston and
Coles 2008), autonomic dysfunctions like bladder and rectal dysfunction (Schmidt
et al. 2022), or cognitive impairments and psychological symptoms (Compston
and Coles 2008; Ghasemi et al. 2017).

MS is a chronic, lifelong disease that can significantly impact the quality of life for
affected patients (Danelakis et al. 2018). Although the disease itself is not fatal,
the occurrence of acute relapses or progressive accumulation of functional
limitations often lead to an extended period of disability (Giovannoni et al. 2016).
As a result, the overall life expectancy of individuals with MS is reduced by
approximately 5 to 10 years compared to the general population (Basaran et al.
2022; Brgnnum-Hansen et al. 2004).

1.1.4 Diagnostic principles

Due to the variety of clinical manifestations, careful diagnostic evaluation and
differentiation of MS from its differential diagnoses are essential. This is based
on a thorough medical history and neurological examination (Brownlee et al.
2017). In addition, further paraclinical investigations are conducted, including
magnetic resonance imaging (MRI), cerebrospinal fluid analysis and
neurophysiological tests.
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The medical history provides initial indications for the presence of MS, with
particular emphasis on reported focal neurological deficits, especially in a
relapsing-remitting course, as well as the family history (Berthele and Hemmer
2021). These described symptoms can then be specifically tested and objectively
assessed in the neurological examination. If a clinical suspicion of MS arises from

these findings, it must be supported by paraclinical diagnostic procedures.

For this purpose, MRI is primarily used as imaging technique of choice, since it
is non-invasive and the most sensitive technique to detect MS-typical
morphological changes in the CNS (Afzal et al. 2022). Therefore, it plays a crucial
role in both the diagnosis based on the current McDonald criteria (Thompson et
al. 2018) and in monitoring disease activity (Polman et al. 2011). A variety of MRI
protocols are used to highlight different morphological tissue changes seen in
MS. Common multimodal brain MRI acquisitions include T1-weighted (T1w), T2-
weighted (T2w), fluid-attenuated inversion recovery (FLAIR) and proton density-
weighted (PDw) images (Aslani 2020; Basaran et al. 2022). Generally, MS
lesions appear brighter or hyperintense compared to surrounding tissue in T2w,
PDw and FLAIR images (Bakshi et al. 2001; Filippi et al. 2019). In contrast,
lesions appear hypointense in T1w images, which is why old, burned-out lesions
are also referred to as “black holes”, due to the axonal loss and tissue damage
(Danelakis et al. 2018). Moreover, T1w images with the addition of gadolinium
contrast agent are used to detect active lesions, which unlike non-active lesions,
enhance contrast agent in the first four to six weeks due to acute inflammation
and associated disruption of the blood-brain barrier (Traboulsee 2004; Sormani
and Bruzzi 2013).

FLAIR images are particularly valuable for MS lesion detection due to their high
contrast by suppressing cerebrospinal fluid signals (Gramsch et al. 2015; Rovira
et al. 2015 Aug). Therefore, this sequence is most commonly used to assess the
number, volume and distribution of MS lesions in both white and gray matter, a
process known as segmentation (Roy et al. 2018). Morphologically, the lesions
appear round to oval, relatively well-defined and with increasing disease duration,
the may present as confluent spots (Garcia-Lorenzo et al. 2013). They are

predominantly located in juxtacortical areas, periventricular including the corpus
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callosum, in the infratentorial region, and within the spinal cord (Fazekas et al.
1999).

d Periventricular b Corticaljjuxtacortical C Infratentorial o Spinal cord

Figure 1: Typical MRI examples of MS lesions. (Reprinted from Rocca et al. 2024, under the terms of the
Creative Commons Attribution License, CC BY 4.0)

The McDonald criteria, based on the assessment of spatial and temporal
dissemination, were revised in 2017 (Thompson et al. 2018). Currently, spatial
dissemination is classified as follows: the presence of at least one T2-
hyperintense lesion in at least two of the four MS typical regions (periventricular,
cortical/juxtacortical, infratentorial, spinal). In 2016, the optic nerve has been
proposed as a debatable fifth MS typical location in line with the MAGNIMS
consensus criteria (Filippi et al. 2016), but it has not been included in the current
McDonald criteria. Temporal dissemination is defined either by the simultaneous
presence of contrast-enhancing and non-enhancing lesions in the same MRI
examination or the appearance of one or more new or contrast-enhancing lesions
in a follow-up MRI. Applying these criteria can lead to a radiological diagnosis of
MS in some MRI scans, even if the patient does not show any symptoms of MS
based on their medical history or clinical examination. This condition is known as
radiologically isolated syndrome (RIS) (Okuda et al. 2009). RIS may represent a
preclinical stage of MS, as approximately 50% of patients with RIS are diagnosed
with MS within 10 years (Lebrun-Frenay et al. 2020). Whether RIS qualifies as an
MS diagnosis and if treatment should be initiated based solely on radiological
findings is still an active area of research and is currently recommended only in

exceptional cases (Thompson et al. 2018).

13



In addition to assessing lesion activity, brain volume can also be evaluated based
on MRI images (Andravizou et al. 2019). Even in early stages of the disease,
brain atrophy can be observed (Calabrese et al. 2007), which progresses more
rapidly compared to healthy adults (Calabrese et al. 2007; Lycklama a Nijeholt,
G. J. 2005). Brain volume assessment, along with lesion evaluation, serves as a
measure of disease status, patient management and the evaluation of

therapeutic efficacy (Zivadinov et al. 2016).

Besides MRI, further paraclinical investigations are relevant in the diagnosis of
MS. Complementary tests include measuring autoantibodies in the cerebrospinal

fluid and evaluating evoked potentials (Schmidt et al. 2022).

Cerebrospinal fluid analysis is primarily conducted to detect intrathecal antibody
synthesis (Ruprecht and Tumani 2016), although this has a low specificity for MS,
as these antibodies also occur in the context of other chronic CNS diseases. In
particular, the qualitative detection of oligoclonal bands in isoelectric focusing
(Dobson et al. 2013), which represents an increased synthesis of a specific IgG
subfraction that can only be found in the cerebrospinal fluid and not in the serum,
along with the quantitative elevation of the Immunoglobulin G (IgG) index (>0.7)
according to the Reiber scheme (Wildemann et al. 2006), indicate intrathecal

antibody production.

To support the diagnosis of MS, evoked potentials can be measured additionally.
This test allows the detection of impaired conduction due to demyelination, which

is manifested by prolonged latency time (Leocani and Comi 2008).

1.1.5 Therapy

Regarding the treatment of MS, a distinction is made between the therapy of an
acute disease flare-up and a disease-modifying therapy. In addition, there are
various approaches aimed at alleviating the multitude of disease symptoms
(Schmidt et al. 2022).

The aim of acute relapse therapy is to achieve a rapid reduction of newly
occurring neurological symptoms, typically using high-dose glucocorticoid
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therapy (Grauer et al. 2001). The standard approach involves intravenous
administration of 500 to 1000 mg of methylprednisolone daily for a period of 3 to
5 days, as it has an anti-inflammatory effect on both cellular and humoral immune
response (Hervas-Garcia et al. 2019). If this therapy fails or is contraindicated,
an additional option to consider is plasmapheresis, which helps to reduce

inflammatory factors in the blood (Weinshenker et al. 1999).

Even in MS patients without an acute relapse event, immunomodulatory therapy
is frequently administered. Particularly in the past two decades, a range of new
disease-modifying drugs have been approved (Garcia-Lorenzo et al. 2013). This
option is generally desirable, since preventing further relapse events has a
favorable impact on the future degree of disability. However, in exceptional cases
like patients with a mild course or lacking inflammatory activity,
immunomodulatory therapy may be omitted. Its goal is to reduce frequency of
relapses, disease activity, and delay disease progression, thereby maintaining
the quality of life for affected patients (Berthele and Hemmer 2021). The choice
and adjustment of therapy depend on the disease course, clinical symptoms,
imaging-based presentation of disease activity and patient-specific factors.
Currently, first-line options for disease-modifying therapy include interferon beta
(IFN-B) preparations (Goodin et al. 2012; Rice et al. 2001), glatiramer acetate
(Johnson et al. 2000; Khan et al. 2013), dimethyl fumarate (Gold et al. 2022;
Kappos et al. 2008) or diroximel fumarate (Wray et al. 2022) and teriflunomide
(Miller et al. 2020; O'Connor et al. 2016). These pharmaceuticals all represent
immunomodulators acting at different points of intervention. If this therapy is not
successful or there is high disease activity, additional highly effective medications
are used for escalation therapy. In this case, second-line options include
fingolimod (Cohen et al. 2010; Calabresi et al. 2014), cladribine (Giovannoni et
al. 2018; Montalban et al. 2018), ozanimod (Cohen et al. 2019; Comi et al. 2019),
and ponesimod (Kappos et al. 2021; Olsson et al. 2014). A further escalation step
involves the use of recombinant, humanized, monoclonal antibodies such as
natalizumab (O'Connor et al. 2014; Pucci et al. 2011), alemtuzumab (Riera et al.
2016; Zhang et al. 2017), ocrelizumab (Kappos et al. 2011; Hauser et al. 2020b),

or ofatumumab (Hauser et al. 2020a; Bar-Or et al. 2018). Autologous stem cell
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transplantation is considered as another potential treatment option (Burt et al.
2019). Due to the limited amount of research available, it is currently only

performed in clinical trials for highly active forms of MS.

asymptomatic symptomatic event
radiologically ~ demyelinating event  cjipjcally isolated relpins it M
isolated syndrome ~ ©Of unknown signifi- syndrome P .
cance
watchful waiting consider immunotherapy
unfavourable prognostic factors
no immuno- Category 1 Category 2 Category 3
therapy
Dimethylfumarate Cladribine Alemtuzumab
follow-ups Glatirameroids Fingolimod Natalizumab
(clinical & MRI) at Interferon-beta Ozanimod Ocrelizumab
regular intervals Teriflunomid ~ (Rituximab, OLU)

ongoing disease acf

Figure 2: Treatment algorithm of the guideline. (Reprinted from Bayas et al. 2021, under the terms of the
Creative Commons Afttribution License, CC BY 4.0)

Since MS is currently incurable, therapy is aimed at halting disease progression
(Gasperini et al. 2013). The therapeutic goal increasingly focuses on achieving
“no evidence of disease activity” (NEDA) (Kappos et al. 2016; Bevan and Cree
2014), which is a classification based on clinical and radiological parameters.
Clinical requirements for NEDA include being free from relapses and absence of
worsening disability or cognitive decline, while radiological criteria include no
increase in brain atrophy as well as no increasing lesion activity (Giovannoni et
al. 2015).

Despite the use of disease-modifying therapy, the individual course of MS
remains difficult to predict (Tintore et al. 2015). Therefore, intensive monitoring is
essential to be able to adjust the therapy promptly in the event of disease

progression (Weiner 2009).
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1.2 Progress monitoring

Lesion changes, such as the presence of new or enlarged lesions, are important
parameters for monitoring disease activity and assessing the effectiveness of
current therapy (Calcagno et al. 2010). In particular, MRI scanning has emerged
as the standard tool to monitor disease activity and the response to
immunomodulatory therapy (Barkhof et al. 2011; Wattjes et al. 2015 Oct; Filippi
et al. 2018). Therefore, guidelines recommend routine imaging every 6 to 12
months (Filippi et al. 2018, Hemmer B. et al. 2023). The most significant marker
for monitoring chronic inflammation and disease progression in MS is the
observation of lesion activity between two longitudinal MRI scans (Fahrbach et
al. 2013). Increased lesion activity (McFarland et al. 1992), characterized by the
appearance of new lesions measuring at least 3 mm (Rovira et al. 2015 Aug;
Grahl et al. 2019) or an increase in lesion size by at least 50% compared to
baseline, correlates with disease progression and is often associated with new or
aggravated neurological deficits (Ouellette et al. 2018; Uher et al. 2017). In long-
term studies, the occurrence of new T2-hyperintense lesions is a prognostically
significant factor for predicting disease progression or the risk of increasing
disability over time (Tintore et al. 2015). Hence, a precise and reproducible
approach to lesion segmentation is of great interest in clinical practice. For this
purpose, both manual segmentation by neuroradiologists as well as automatic

methods are employed (Aslani 2020).

1.2.1 Challenges of manual MS lesion segmentation

Experienced neuroradiologists typically assess the progression of MS lesion
activity by comparing chronological MRI scans in a side-by-side manner, which
is considered the current gold standard (Simon et al. 2006). This process, known
as segmentation, entails the manual identification and outlining of each lesion
and the determination of voxel inclusion or exclusion within the lesion (Filippi et
al. 1998). Nonetheless, this manual segmentation of MRI images is time-

consuming, prone to errors and characterized by high intra- and inter-expert
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variability (Altay et al. 2013; Egger et al. 2017), with multiple reasons accounting

for this situation.

One important contributing factor is the significant heterogeneity in the quality of
MRI data. Particularly when comparing images from different radiological centers,
there are notable variations in scanners, field strength, protocol, sequences and
resolution of the MRI acquisitions (Commowick et al. 2021). It was demonstrated
that a higher magnetic field strength leads to an increased detection of lesions.
(Filippi et al. 1995). Similarly, using thinner slices improves the accuracy of
estimation and consequently may result in larger overall lesion volumes (Filippi
et al. 1995). Additionally, the weighting of MRI images has an impact on the
segmentation process. Segmented lesions on FLAIR images tend to yield larger
volumes compared to T2w or PDw images (Simon et al. 2006), particularly for
identifying lesions in the supratentorial region. Additionally, inadequate
repositioning and the resulting difficulties in comparing follow-up images pose
challenges, even when dealing with the same patient using the same scanner
(Kruger et al. 2020).

Another factor to consider is the diverse characteristics of MS lesions. These can
exhibit significant variations in shape, structure and location among different
patients, which adds to the complexity of segmenting them, particularly in patients
with a high lesion burden or when small and confluent lesions are present (Altay
et al. 2013; Molyneux et al. 1999; Tan et al. 2002). An additional challenge arises
from the presence of dirty appearing white matter (DAWM), which represents
regions with signal intensity between that of normal-appearing white matter and
MS lesions (Filippi and Rocca 2010). Distinguishing DAWM from MS lesions
becomes more intricate due to their diffuse boundaries and lower contrast
differences (Hindsholm et al. 2022). Moreover, depending on the specific location
of the lesions, it can be challenging to differentiate lesions from other structures
with similar signal strength (Mortazavi et al. 2012). This is especially evident for
lesions situated near the cortex (Garcia-Lorenzo et al. 2013), around the

ventricles (Neema et al. 2009) or in the infratentorial region (Krluger et al. 2022).
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Therefore, a comprehensive understanding of neuroanatomy and experience in
MRI interpretation are crucial, especially due to the representation of three-
dimensional brain structures in only two-dimensional coronal, sagittal or
transverse slices (Garcia-Lorenzo et al. 2013). Given that the accuracy and
consistency of the results depend on the expertise of the rater (Abraham et al.
2009; Wang et al. 2017), it is essential to have experienced neuroradiologists
perform MS lesion segmentation. However, outside of controlled study
populations, MS MRI studies are often evaluated by radiologists with varying
levels of expertise, ranging from general radiologists to neuroradiologists with
specialized training (Wang et al. 2017). Numerous studies have explored the
inherent variability in manual lesion segmentation performed by neuroradiologists
and other trained professionals, revealing volume discrepancies ranging from
10% to 68% (Styner et al. 2008; Grimaud et al. 1996; Zijdenbos et al. 2002).
Additionally, since segmentation is a subjective task (Danelakis et al. 2018), there
is often a lack of agreement even among experienced neuroradiologists

regarding the results (Bozsik et al. 2022).

These factors collectively contribute to the fact that MS lesion segmentation is a
time-consuming and consequently expensive process (Bonacchi et al. 2022),
particularly when attempting to identify newly formed lesions compared to
baseline scans (Basaran et al. 2022). With advancements in technology and the
increased accessibility of imaging equipment, the number of neuroradiological
examinations is consistently rising (European Society of Radiology 2009 2010).
Consequently, there is limited time available within the clinical routine. For
example, a study conducted by Altay et al. (Altay et al. 2013) estimated a

maximum of 10 minutes for a clinician to manually count lesions in an MS dataset.

In summary, automating the detection of new lesions would greatly enhance the
evaluation of disease activity in patients with MS in both clinical routine and
clinical trials (Ma et al. 2022). However, for widespread use, it is crucial that such
a method is reliable, reproducible and efficient enough to handle the processing

of large numbers of datasets (Tran et al. 2022).
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1.3 Artificial intelligence in radiology

One effective way to address these challenges is by utilizing Artificial Intelligence
(Al) programs. Al involves enabling computers to perform tasks that are typically
associated with human intelligence (Muthukrishnan et al. 2020). The appeal of Al
algorithms in the medical field lies in their ability to automate repetitive tasks,
process large volumes of data at a faster rate and achieve higher levels of

accuracy and reproducibility compared to humans (Hamet and Tremblay 2017).

One of the main approaches for implementing Al in radiology is Machine Learning
(ML) (Afzal et al. 2022). ML is used to analyze existing data, learn from it and
make decisions based on that information without explicit programming (Barile et
al. 2019). In general, all ML methods can be further categorized into supervised
learning, where the algorithm is trained with labeled data, and unsupervised
learning, where the algorithm discovers patterns and structures within unlabeled
data (Lundervold and Lundervold 2019; Garcia-Lorenzo et al. 2013).

In unsupervised learning, the algorithm simply receives the unlabeled input data
and attempts to discover categories or relationships within it without predefined
criteria (Zaharchuk et al. 2018). Unsupervised ML models are applied for three
main tasks: clustering, association and dimensionality reduction (Bonacchi et al.
2022). A clustering ML algorithm aims to uncover inherent groupings in the data
based on similarity metrics. On the other hand, an association ML algorithm
seeks to discover rules that indicate associations between variables. When the
number of features in a dataset is excessively large, a dimensionality reduction
ML algorithm is employed. An advantage of unsupervised methods is the fact that
these algorithms do not require training, although their results may be less
accurate as they do not have any prior input data to learn from (Wattjes et al.
2007). In the context of MS imaging, most unsupervised methods rely on
clustering techniques to assign voxels to different classes such as tissue types
like white matter, grey matter, cerebrospinal fluid, and lesion classes, based on

specific features like voxel intensity (Tran et al. 2022; Garcia-Lorenzo et al. 2013).

On the contrary, supervised methods rely on pre-labeled datasets. These
datasets serve as a base for training the algorithm to establish a relationship
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between input data and corresponding target values (Oren et al. 2020). The
advantage of this elaborate training process is that this learned knowledge
enables the algorithm to make predictions or classifications on new or unknown
data. Supervised learning can be applied to classification tasks, where the output
is limited to a predefined set of values, or regression tasks, where the output is a
continuous value within a specific range (Bonacchi et al. 2022). Some commonly
employed supervised classification methods include k-nearest neighbors
(Fartaria et al. 2016), decision random forests (Jesson and Arbel; Geremia et al.
2011), support vector machines (Yamamoto et al. 2010), and more recently,
artificial neural networks (ANNs) (Valverde et al. 2019).

As already mentioned, supervised machine learning includes a subset known as
ANNSs, which utilize interconnected nodes called artificial neurons to learn from
data, perform intricate computations and make decisions based on learned
patterns (Eichinger et al. 2020). The term deep learning (DL) (LeCun et al. 2015)
refers to ANNSs that consist of more than three individual layers, although the term
is not strictly defined. While these networks were initially developed to simulate
human brain activity (Lundervold and Lundervold 2019), they have limited
similarities with biological neurons and essentially provide instructions on how to
generate outputs from multiple inputs (Eichinger et al. 2020). The inclusion of
multiple layers allows the network to grasp complex patterns and features within
the data and process high-dimensional information (Zaharchuk et al. 2018). DL
has recently gained significant popularity and has become the dominant form of
ML due to advancements in theory, openly available computer software and the
availability of hardware with sufficient computational power (Zaharchuk et al.
2018).

Convolutional Neural Networks (CNNs) are among the most popular types of
ANNs. CNNs are designed with multiple layers, including one or more
convolutional layers (Zaharchuk et al. 2018). Over the past decade, it has been
demonstrated that CNNs are exceptionally well-suited for image analysis tasks,
establishing them as a preferred choice for image-related applications (Eitel et al.
2019; Wang et al. 2018).
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Figure 3: Artificial intelligence methods. (Reprinted from Zaharchuk et al. 2018, permission obtained through
Copyright Clearance Center, License Number: 1629907-1)

1.3.1 Al-based image analysis in MS

1.3.1.1 Advantages of using Al-based image analysis programs

The application of Al-based image analysis programs for evaluating MRI images
of MS patients is favored by several factors. Neuroradiology in general has a
significant advantage as an early adopter of DL technologies, given to the large
amount of imaging data obtained in clinical routine (Zaharchuk et al. 2018). In this
context, MS is one of the medical conditions for which Al-supported image
analysis is gaining importance. This is due to the fact that MS is a common
disease, and the affected patients undergo regular MRI examinations (Eichinger
et al. 2020), leading to a large number of MRI data. The detection of new MS
lesions plays a significant role in various clinical aspects of MS: it is important for
diagnosis, prognosis, as well as treatment monitoring (Brosch et al. 2022).
Furthermore, the development of automated image analysis programs is also
favored by the generally growing interest in Al in recent years (Eichinger et al.
2020).
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The use of DL in MS diagnostics and progress monitoring focuses particularly on
the identification and segmentation of MS lesions, with the aim of achieving a
level of accuracy comparable to that of experienced neuroradiologists (Egger et
al. 2017; Brosch et al. 2022). Advanced methods can provide rapid and reliable
information on lesion burden, thereby reducing the time, effort and workload
required for manual image analysis as well as reduce inter-rater variability
(Valverde et al. 2017; Aslani et al. 2019; Aslani 2020; Hitziger et al. 2022).

1.3.1.2 Limitations of using Al-based image analysis programs
However, despite significant progress in the field, there is currently no established
standard segmentation method for MS lesions (Danelakis et al. 2018), due to

certain challenges that restrict the potential of DL in this field.

Some of these obstacles involve limited resolution of MRI images, the
heterogeneous characteristics of MS lesions and the intricate structure of brain
tissue, which impact numerous voxels situated at the interfaces between different
tissue types (Mortazavi et al. 2012). Thus, these factors create problems in
distinguishing MS lesions from the gray matter of the brain due to the overlapping
patterns of intensity observed in both structures (Sahraian and Radu 2008).
Moreover, certain studies demonstrated a lower precision of automated
evaluation programs especially in patients with fewer lesions or smaller lesion
volumes (Mortazavi et al. 2012), leading to an increased probability of false
positive lesions being detected(Gabr et al. 2020; Hindsholm et al. 2022).

Additionally, numerous automated algorithms exhibit strong performance on
scanners that were included in the training data, but show weak performance on
data acquired from unknown scanners (Bonacchi et al. 2022). As various MRI
devices are used in clinical practice, this circumstance poses a limitation for the
implementation of these algorithms in clinical routine (Garcia-Lorenzo et al.
2013). Moreover, the clinical utilization and effectiveness of these Al-based
approaches are still limited by the challenges associated with obtaining
consistent and reproducible measurements (Bonacchi et al. 2022). To achieve
this, DL algorithms require extensive training datasets and validation across

multiple datasets (Bonacchi et al. 2022). Since there is a lack of extensive
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datasets accessible to the public and training Al-based segmentation methods is
a time-consuming and expensive process (Aslani 2020), these methods are
typically trained and tested on smaller data samples. This approach may restrict
their applicability in clinical situations (Danelakis et al. 2018). Additionally, there
are practical and financial concerns regarding the incorporation of Al software
into current information technology (IT) systems and the availability of sufficient

computing power (Bonacchi et al. 2022).

As a result, the effectiveness of Al-based methods for MS lesion segmentation
continues to be a subject of ongoing research. Despite the promising potential of
CNNs, their outcomes are often outperformed by experienced neuroradiologists
due to the limitations mentioned above (Carass et al. 2017; Commowick et al.
2018). Having an automated technique that achieves detection and segmentation
accuracy similar to that of a skilled neuroradiologist can greatly enhance the

diagnostic quality by acting as a “second pair of eyes” (Hitziger et al. 2022).

This is why current investigations are focused on improving tools and techniques
to enable automated analysis of MRI images within the clinical setting as a

support in the diagnosis and monitoring of MS (Goldenberg 2012).

1.3.2 Use of Al-based image analysis for an untrained rater

As the quantity of medical imaging continues to rise (Eichinger et al. 2020), there
is growing demand for precise and fast radiology reporting in all medical fields
(Dahan et al. 2018). Moreover, the subjective nature of traditional methods used
for interpreting MRI follow-up studies in MS (Danelakis et al. 2018), which depend
on the rater’s skill and consistency (Abraham et al. 2009; Wang et al. 2017), can

potentially be addressed through Al-based image evaluation programs.

Research has indicated that non-specialist healthcare providers with radiology
training, assisted by computer-aided detection programs, have the potential to
achieve comparable performance to subspecialty radiologists, for example in
monitoring the progression of MS. According to a study conducted by Dahan et

al. (Dahan et al. 2018), the utilization of semi-automated MS lesion segmentation
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software has the potential to narrow the performance gap between experienced
neuroimaging raters and inexperienced ones when monitoring MS disease. This
finding is further supported by Wang et al. (Wang et al. 2017), who emphasized
the advantageous impact of semi-automated assistive software in identifying new
lesions for both neuroradiologists and non-neuroradiologists, with a particularly

more significant effect observed in the non-neuroradiologist group.

2 Objective

Due to the technical advancements of Al-based image analysis programs, the
question of their applicability in clinical practice is increasingly coming into focus,
highlighting the need for further studies on this topic. Although several studies
have already been published on this topic and it represents a current field of
research, many questions remain unanswered. In particular, there is a gap of
research regarding advantages of Al-based image analysis programs for MS-MRI
evaluators with varying levels of experience in neuroradiology. To the best of my
knowledge, there is currently no published study that addresses this specific
issue and compares the performance between neuroradiologists and a rater

without prior experience in radiology.

Therefore, this study aims to evaluate MRI images of MS patients by raters with
varying levels of experience, both with and without the assistance of Al-based
software. The primary objective is to evaluate how this algorithm affects the
classification of the images as indicative of progressive or non-progressive
course of disease. Furthermore, an additional aim of this research is to
investigate the possible advantages of integrating Al-based software into the
clinical routine of radiology, particularly in relation to time efficiency as well as
inter- and intra-rater variability. This assessment is crucial to validate the
performance of the algorithm before considering its potential application in clinical

practice.
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3 Materials and methods

3.1 Ethics committee

This retrospective study was planned and conducted at the University Hospital
Tubingen. It was approved by the Ethics Committee at the Medical Faculty of the
Eberhard Karls University and at the University Hospital Tlbingen, confirmation
number 662/2023B0O2 and adhered to the principles of the Declaration of

Helsinki.

3.2 Participants

For this study, MRI data from multiple MS patients was analyzed, which was
collected at the University Hospital Tubingen as part of routine clinical practice.
The inclusion criteria were the following: Patients aged 18 years or older with a
confirmed diagnosis of MS according to the current McDonald criteria and a
minimum of two cranial MRI scans at a minimum interval of six months, including

FLAIR and T1w sequences, conducted at the University Hospital Tubingen.

The sample size calculation was based on an assumed sensitivity of 0.8 and a
95% confidence interval (Cl). By setting a threshold B for the Cl, the minimum

2
sample size n can be determined using the formula n > (2 X %) Xs(l—-ys)

(Krummenauer and Kauczor 2002). For this study, a threshold B of 0.15 was

chosen, resulting in a required minimum sample size of n = 110.

This research utilized a pre-pseudonymized dataset from a study involving
patients with RRMS, conducted at the University Hospital Tibingen. The dataset
contained the time intervals between MRI scans, with a random offset of +/- 7
days, as well as patient sex. Due to pseudonymization, information about patient
age was not available. The actual dates of the study were randomly offset to
ensure de-pseudonymization was not feasible. In some instances, multiple
follow-up exams of the same patient were treated as separate patient cases.
Ultimately, 110 patient cases were analyzed in our study, consisting of follow-up

exams from 79 patients. Of these 79 patients, 55 were female and 22 were male.
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3.3 MRI data

The MRI imaging was conducted on two different machines. A total of 99 patient
cases were scanned using 3T MAGNETOM Vida (Siemens Healthineers,
Erlangen), while 11 cases were scanned on a 1.5T MAGNETOM Avanto Fit
(Siemens Healthineers, Erlangen). The imaging protocol included both FLAIR
and T1w sequences. Each patient underwent two scans on the same scanner,

with a minimum interval of six months between the scans.

Table 1 provides the number of scan pairs per scanner along with a summary of

the sequence parameters.

Table 1: Number of scan pairs per scanner and summary of sequence parameters.

Patients (no.) 99 11

Scanner

3T MAGNETOM Vida

(Siemens  Healthineers,

1,5T MAGNETOM Avanto

Fit (Siemens Healthineers,

Erlangen) Erlangen)
FLAIR
Echo time (ms) 0.386 0.335
Inversion time (ms) 1.8 1.8
Repetition time (ms) 5 5
Flip angle (°) 120 120
Voxel size (mm) 0.9x0.9x0.9 1.0x1.0x1.0
T
Echo time (ms) 0.00326 0.00296
Inversion time (ms) 1.1 0.9
Repetition time (ms) 2 2
Flip angle (°) 8 10
Voxel size (mm) 1.0x1.0x1.0 1.0x1.0x1.0

3.4 Raters and evaluation process
The MRI data was evaluated for new or enlarged MS lesions by two

neuroradiologists — Rater 1, having 16 years of experience, and Rater 2 with 8
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years of experience — collectively regarded as the experienced rater. The dataset
was partitioned for them, with Rater 1 reviewing 53 image pairs and Rater 2
evaluating 57 pairs. Furthermore, a medical student without prior radiological
experience, referred to as inexperienced rater, analyzed all data. For this rater,
the assessment was split into two rounds across the two datasets (the first
containing 53 cases and the second 57 cases), due to the assumption of a

learning process given the lack of prior radiological experience.

All raters were blinded to the patients’ clinical data and the assessment report of
the other raters. The evaluation process involved comparing the chronological
FLAIR images side-by-side using the program MRIcroGL. The same procedure
was performed using an automated image analysis software (AIRAscore,
AIRAmed GmbH), with a minimum of 90 days between those two sessions to

minimize recognition bias.

The primary goal was to assess whether disease progression occurred between
the two scans. Disease progression was defined solely based on the presence of
MS lesions, with findings considered progressive if at least one additional lesion
larger than three mm was identified or if there was a volume increase of a lesion
by at least 50%.

Each rater documented the following characteristics: Firstly, they determined
whether the disease course could be categorized as progressive or non-
progressive. Secondly, they listed the localization and counted the number of new
or enlarged lesions, if any were detected. Additionally, the duration of the
assessment process for each reading was recorded and is reported as the total
duration for the entire evaluation process and as average time per case.
Furthermore, the untrained rater documented the sequence of the evaluations to

monitor any potential learning curve.

Due to the partially high lesion burden, the number of existing unchanged lesions

was not recorded.

After evaluation with and without help of an Al system, the neuroradiologist with

16 years of experience re-assessed all lesions, with knowledge of the evaluation
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results of all raters and the automated results, to define the ground truth based
on the raw T1 and FLAIR data. Based on this, a progressive lesion was classified

as a true positive if it coincided with a ground-truth lesion.

For additional statistic evaluation, all newly developed or enlarged lesions were
marked using 3D Slicer image computing software (Version 5.7.0-2024-02-29,
Fedorov et al. 2012). Their volume — either the entire new lesion, or the enlarged

part — was recorded in mm?.

3.5 Software used

An automatic lesion detection system with CE certification (AIRAscore Version
2.1.0, AIRAmed GmbH) was used to assist in the reading process. This software
identifies and marks lesions in a three-dimensional T2-FLAIR dataset. These
lesion maps are further processed by aligning the first with the second time point
and calculating the overlap of the identified lesion. Based on the extent of this
overlap, lesions at the second time point are categorized as new lesions (not
present in the first scan), enlarged lesions (increase >25%), or decreased lesions
(decrease >25%), with different colors used to represent each category. To
minimize false positives, only lesions with a volume greater than 40 ul at any point
were assessed, and changes in size had to exceed 5 mm in all directions to rule
out minor misalignments as the cause for change in size, using a Python script
provided by AIRAmed.

3.6 Statistical Analysis

Using the ground truth as a reference, statistical parameters were gathered for
each rater, both without and with the assistance of Al-based software. The
selection of the statistical analyses was made in consultation with the Institute for

Clinical Epidemiology and Applied Biometry at the University of Tubingen.

The analysis was split into two parts: one focusing on statistical analysis at the
case level, examining whether a case was identified as progressive or not, and

another segment focusing on the lesions themselves, assessing the number of
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identified lesions. Additionally, a statistical analysis of the evaluation duration and

the volumes of progressive lesions was conducted.

All statistical analyses were performed using IBM SPSS Statistics (Version
29.0.2.0; IBM Corp., Armonk, NY, USA). Descriptive statistics were used to
summarize the data. A p-value of 0.05 was used to evaluate the significance in

the statistical tests.

3.6.1 Statistical analysis on case level
The first part of the statistical analysis was performed on a case level. The
following statistical parameters were determined for the experienced and

inexperienced rater, each with and without software assistance:

e The total number of cases either categorized as "progressive" or "not
progressive".

e True Positive (TP): Cases correctly identified as progressive.

e True Negative (TN): Cases correctly identified as not progressive.

e False Positive (FP): Cases incorrectly identified as progressive.

e False Negative (FN): Cases incorrectly identified as not progressive.

e Sensitivity: measures the proportion of actual progressive cases that were

correctly identified.

TP
TP+FN

Formula: Sensitivity =

e Specificity: measures the proportion of actual non-progressive cases that

were correctly identified, also referred to as precision.

TN
TN+FP

Formula: Specificity =

e False Positive Rate (FPR): The rate at which non-progressive cases were

incorrectly identified as progressive.

FP
FP+TN

Formula: FPR =

e False Negative Rate (FNR): The rate at which progressive cases were

incorrectly identified as not progressive.

FN
FN+TP

Formula: FNR =
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e Positive Predictive Value (PPV): The proportion of cases identified as

progressive, that were truly progressive.

TP
TP+FP

Formula: PPV =

¢ Negative Predictive Value (NPV): The proportion of cases identified as not

progressive, that were truly not progressive.

TN
TN+FN

Formula: NPV =

e Accuracy: The proportion of total cases, that were correctly classified.

TP+TN

Formula: Accuracy = —————
Total cases

e F1 Score: This metric evaluates predictive performance by combining
precision and recall. An F1 score of 1.0 signifies perfect precision and

recall, while a score of 0 is the lowest value possible.

2y precision x recall _ 2TP
precision+recall 2 TP+ FP+FN

Formula: F1 =

e Cohen’s kappa coefficient (Cohen’s k) (Cohen 1960): This is as a measure
of interrater agreement between the experienced and inexperienced
raters, each using the software and not using the software. Cohen's Kappa
ranges from -1.0 to 1.0. Interpretation (Landis and Koch 1977): k < 0 =
poor agreement, 0 — 0.20 = slight agreement, 0.21-0.40 = fair agreement,
0.41-0.60 = moderate agreement, 0.61-0.80 = substantial agreement,
0.81-1.00 = (almost) perfect agreement.

_ Po—Dc

Formula: Kk = P (po = measured agreement value, p. = randomly
N

expected agreement)

The number of cases in each category (progressive or not progressive) was
tabulated. Sensitivity, specificity, FPR, FNR, PPV, NPV and accuracy were
calculated with 95% Cls. The 95% Cls were used to estimate whether differences
in statistical parameters between evaluations without and with automated

software were statistically significant.

These metrics provide a comprehensive evaluation of the diagnostic method’s
performance, highlighting its ability to correctly identify both progressive and non-
progressive cases. The sensitivity and specificity indicate the method’s
effectiveness in detecting true cases, while the predictive values offer insight into
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the reliability of positive and negative test results. The F1 score balances the
method’s precision and recall, providing an overall measure of its diagnostic

accuracy.

3.6.2 Statistical analysis on lesion level

The second part of the statistical analysis was performed at the lesion level,
evaluating both the experienced and inexperienced rater, each with and without
software assistance. For monitoring disease activity in clinical practice, the count
of new or enlarged lesions is an important parameter. Therefore, the following

statistical parameters were assessed on a lesion level:

e The total number of lesions categorized as "progressive".
e TP: Lesions correctly identified as progressive.
e FP: Lesions incorrectly identified as progressive.

¢ FN: Lesions incorrectly identified as not progressive.

e Sensitivity
e PPV
e F1 score

e Cohen’sk

The number of lesions in each category (new or enlarged) was tabulated. Due to
the high number of lesions in some cases, non-progressive lesions were not
counted. Therefore, 95% Cls to assess statistical significance could not be

calculated at the lesion level.

3.6.3 Statistical analysis of lesion volume

For the data classified as progressive, new or enlarged lesions were identified
using 3D Slicer image computing software to measure their volume, recorded in
mm?3. It was noted whether the lesion was new or had increased in size. For
enlarged lesions, the increase in size was documented. Additionally, it was

recorded whether both experienced and inexperienced raters identified the lesion
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as progressive, both with and without using the Al-based software, and the results
were compared with the lesions marked as progressive in the software overlay

itself.

The statistical analysis was conducted separately for new and enlarged lesions.
For new lesions, the analysis assessed whether there were size differences in
lesions identified without and with Al-based software, based on mean values and
their 95% Cls. The data for enlarged lesions was not normally distributed, so it
was described using the median and interquartile range. Additionally, a Wilcoxon
test was performed to evaluate if there was a statistically significant difference in

volumes of lesions identified as progressive compared to those not identified.

3.6.4 Statistical analysis of evaluation duration

The experienced raters only documented the total time for evaluating the cases,
not the time for individual cases. Therefore, a statistical comparison was only
conducted for the inexperienced rater. Since the inexperienced rater had no prior
radiological experience, an initial learning effect could not be ruled out. Therefore,
an initial assessment of the duration was conducted using a paired bar chart,
assuming that outliers with particularly long evaluation times would be found in
the beginning. The subsequent statistical analyses were then performed both
with and without the initial outliers. Additionally, the evaluation process for the
inexperienced rater was divided into two rounds (the first with 53 cases and the
second with 57 cases). The assessment of whether there was a significant
difference in evaluation duration between round one and round two was based
on mean values and their 95% Cls. Additionally, a Pearson correlation coefficient
was used to evaluate the correlation between the assessment duration of round
one and two. To compare evaluation duration with and without software support
across all 110 cases, a paired t-test was conducted, and Cohen’s d was

calculated to determine effect size.
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4 Results

This study aimed to evaluate MRI images of MS patients to determine whether
disease progression has occurred, based on the presence of new or enlarged
lesions. The assessment was conducted by raters with varying levels of

radiological experience, both with and without the support of Al-based software.

The objective was to examine how Al affects the classification of these images
as either progressive or non-progressive, if it influences the time required for the
evaluation process, and whether it has an impact on inter-rater and intra-rater

variability.

For this purpose, a retrospective study was conducted using MRI data of 79 MS
patients split into 110 cases at the University Hospital Tubingen. Evaluation of
new or enlarged lesions was performed by both an experienced and
inexperienced rater, each time with and without the assistance of an Al-based
software. The collected data included assessments of progression at both case
and lesion level, as well as the total evaluation duration and time per case.
Additionally, to evaluate whether the performance of the software was dependent

on the size of progressive lesions, the volume of these lesions was determined.

4.1 Results on case level

Monitoring disease activity and the effectiveness of the current therapy primarily
relies on the detection of new or enlarged lesions in MRI images (Calcagno et al.
2010). Therefore, the first part of the statistical analysis was conducted at the
case level, focusing on whether the case was classified as disease-progressive
or non-progressive based on the occurrence of new or enlarged lesions. Out of a
total of 110 cases of 79 patients, 44 cases were determined to be disease-
progressive and 66 as non-progressive according to the ground truth established
by a neuroradiologist with 16 years of experience.
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4.1.1 Results of the experienced rater

The experienced rater, without aid of the automated program, classified 35 cases
as progressive. Of these, 31 were TP (correctly identified as progressive)
compared to the ground truth and 4 cases were FP (incorrectly identified as
progressive). Additionally, there were 13 FN, meaning these cases had new or
enlarged lesions according to the ground truth that were not detected, and 62
cases were TN (correctly identified as non-progressive). This resulted in a
sensitivity of 0.70 (95% CI: 0.55 — 0.82) with a FNR of 0.3, and a specificity of
0.94 (95% CI: 0.85 — 0.98) with a FPR of 0.06. Additional statistical measures
included a PPV of 0.89 (95% CI: 0.75 — 0.95), a NPV of 0.83 (95% CI: 0.75 —
0.88), an accuracy of 0.85 (95% CI: 0.76 — 0.91) and an F1 score of 0.79.

With automated assistance, the experienced rater classified 31 cases as
progressive. Of these, 29 were TP, 2 FP, 15 FN and 64 TN. Based on these
figures, the sensitivity was calculated to be 0.66 (95% CI: 0.50 — 0.80) with a FNR
of 0.34, while the specificity was 0.97 (95% CI: 0.90 — 0.99) with a FPR of 0.03.
Further metrics were a PPV of 0.94 (95% CI: 0.79 — 0.98), the NPV of 0.81 (95%
Cl: 0.74 - 0.87), an accuracy of 0.79 (95% CI: 0.70 — 0.86) and an F1 score of
0.72.

The significance of changes in statistical parameters with and without the
assistance of Al-based software was assessed using the 95% Cls. Overall, the
analysis showed that there were no statistically significant differences in
sensitivity, specificity, PPV, NPV or accuracy when using the Al-based program
compared to not using it, as suggested by the overlapping 95% Cls for these

parameters.

4.1.2 Results of the inexperienced rater

Without assistance from the automated program, the inexperienced rater
classified 48 cases as disease progressive. Of these, 42 were TP according to
the ground truth, and 6 were FP. Consequently, there were 2 FN and 60 TN.
From this data, the sensitivity was calculated to be 0.95 (95% ClI: 0.85 — 0.99)
with a FNR of 0.05, and the specificity was 0.91 (95% CI: 0.81 — 0.97) with a FPR
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of 0.09. Further results included a PPV of 0.8 (95% CI: 0.77 — 0.94), a NPV of
0.97 (95% CI: 0.89 — 0.99), an accuracy of 0.93 (95% CI: 0.86 — 0.97), and an F1

score of 0.91.

With automated assistance, the inexperienced rater classified 43 cases as
progressive. Of these, 41 were TP and 2 were FP. Given that there were 44
progressive cases according to the ground truth, this resulted in 3 FN and 64 TN.
From this, the sensitivity was calculated to be 0.93 (95% CI: 0.81 — 0.99) with a
FNR of 0.07, and the specificity was 0.97 (95% CI: 0.90 — 0.99) with a FPR of
0.03. Additionally, the PPV was 0.95 (95% CI: 0.84 — 0.99), the NPV was 0.96
(95% CI: 0.88 — 0.99), the accuracy was 0.95 (95% CI: 0.90 — 0.99), and the F1

score was 0.94.

We used 95% Cls to evaluate the significance of variations in statistical
parameters, both with and without the automated program’s assistance. The
overlapping of the 95% Cls for sensitivity, specificity, PPV, NPV and accuracy
indicated that the differences in these parameters were not statistically

significant.

4.1.3 Comparison of Statistical Analysis: Experienced vs. Inexperienced
rater
The statistical comparison between the experienced and inexperienced rater,

both with and without automated assistance, was evaluated using 95% Cls.

Without the support of the automated assessment program, the sensitivity of the
inexperienced rater (0.95, 95% CI: 0.85 — 0.99) was notably higher than that of
the experienced rater (0.70, 95% CI: 0.55 — 0.82), with no overlap in 95% Cls,
indicating a statistically significant advantage for the inexperienced rater. In
contrast, the experienced rater had a slightly higher specificity (0.94, 95% CI:
0.85 - 0.98) compared to the inexperienced rater (0.91, 95% CI: 0.81 — 0.97), but
the overlapping 95% Cls suggested that this difference was not statistically
significant. The PPVs were close (Experienced: 0.89 vs. Inexperienced: 0.88),

with overlapping 95% Cls (Experienced: 0.75 — 0.95 vs. Inexperienced: 0.77 —
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0.94), indicating no statistically significant difference between the two. The
inexperienced rater had a higher NPV (0.97, 95% CI: 0.89 — 0.99) compared to
the experienced rater (0.83, 95% CI: 0.75 — 0.88), with non-overlapping 95% Cls,
suggesting a statistically significant advantage for the inexperienced rater. Lastly,
the accuracy of the inexperienced rater (0.93, 95% CI: 0.86 — 0.97) exceeded
that of the experienced rater (0.85, 95% CI: 0.76 — 0.91). The 95% Cls overlapped

slightly, meaning the difference was not statistically significant.

With automated assistance, the sensitivity of the inexperienced rater (0.93, 95%
Cl1:0.81 — 0.99) was significantly higher than that of the experienced rater (0.66,
95% CI: 0.50 — 0.80), suggested by the fact that the 95% Cls did not overlap.
Both raters had identical specificity values (0.97) with overlapping 95% Cls (0.90
—0.99), showing no statistically significant difference. The PPVs were very close
(Experienced: 0.94 vs. Inexperienced: 0.95), and their overlapping 95% Cls
(Experienced: 0.79 — 0.98, Inexperienced: 0.84 — 0.99) suggested no statistically
significant difference. The NPV was significantly higher for the inexperienced
rater (0.96, 95% CI: 0.74 — 0.87) compared to the experienced rater (0.81, 95%
Cl: 0.88 — 0.99), since the 95% Cls did not overlap. Additionally, the accuracy
was higher for the inexperienced rater (0.95) than for the experienced rater (0.79),
with non-overlapping 95% Cls (Experienced: 0.70 — 0.86, Inexperienced: 0.90 —
0.99), indicating a statistically significant difference in favor of the inexperienced

rater.

4.1.4 Comparison of interrater variability using Cohen's Kappa

At the case level, Cohen’s k was calculated to determine the degree of agreement
between the experienced and inexperienced rater, both with and without
assistance of the Al-based assessment software. Without automated support, the
unweighted Cohen’s Kk was Kk = 0.56, indicating moderate agreement. With help
of the automated program, Cohen’s k increased to k = 0.68, reflecting improved

agreement.

Since the cases were divided between the two experienced raters, with Rater 1

reviewing 53 image pairs and Rater 2 evaluating 57 pairs, Cohen’s kK was
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additionally calculated separately for both rounds. In the first round which
compared the interrater variability between Rater 1 and the inexperienced rater,
the unweighted Cohen’s k was k = 0.52 without automated support, and k = 0.70
with evaluation software. In the second round, when comparing Rater 2 with the
inexperienced rater, the unweighted Cohen's k was k = 0.58 without support and
increased to k = 0.66 with the use of Al-based software. Overall, the use of Al-
based software led to an improvement in agreement from moderate to substantial
in both rounds, with the effect being more pronounced in the first round (with

experienced Rater 1) than in the second round (with experienced Rater 2).

4.1.5 Results of the Al-based program

The evaluation program itself classified 37 cases as disease-progressive, of
which 29 were TP and 8 were FP. This resulted in 58 TN and 15 FN. From these
figures, a sensitivity of 0.66 (95% CI: 0.50 — 0.78) with a FNR of 0.34 and a
specificity of 0.88 (95% CI: 0.78 — 0.95) with a FPR of 0.12 were calculated. Also,
the PPV was 0.78 (95% CI: 0.65 — 0.88), the NPV was 0.79 (95% CI: 0.72 — 0.86),
the accuracy was 0.79 (95% CI: 0.70 — 0.86), and the F1 score was 0.72.

4.1.6 Key message

In conclusion, at the case level, no significant differences in statistical parameters
were observed for either rater when using the automated program compared to
the assessment without Al-based support. Both with and without the software,
the inexperienced rater demonstrated higher sensitivity and NPV than the
experienced rater. Other statistical parameters showed no statistically significant
differences between the experienced and inexperienced rater when comparing
the evaluation rounds with and without automated assistance. Cohen’s «
indicated moderate agreement (k = 0.56) without automated support, which
improved to substantial agreement (k = 0.68) with software support. This
enhanced agreement was observed in both rounds with the software, with a more

pronounced effect in the first round (Rater 1).
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Table 2: Statistical parameters of the analysis on the case level.

Experienced Experienced Inex- Inex- Automated
Rater Rater with perienced perienced program
without automated Rater Rater with
automated assistance without automated
assistance automated assistance
assistance
cases 35 31 48 43 37
categorized as
progressive
True positive 31 29 42 41 29
True negative 62 64 60 64 58
False positive 4 2 6 2 8
False negative 13 15 2 3 15
Sensitivity 0.70 0.66 0.95 0.93 0.66
(95% Cl: 0.55-  (95% Cl: 0.50 -  (95% Cl: 0.85  (95% CI: 0.81  (95% CI: 0.50
0.82) 0.80) -0.99) - 0.99) -0.78)
Specificity 0.94 0.97 0.91 0.97 0.88

(95% Cl: 0.85 -
0.98)

(95% ClI: 0.90 -
0.99)

(95% CI: 0.81
-0.97)

(95% Cl: 0.90
-0.99)

(95% CI: 0.78
-0.95)

False positive 0.06 0.03 0.09 0.03 0.12
rate
False negative 0.30 0.34 0.05 0.07 0.34
rate
Positive 0.89 0.94 0.88 0.95 0.78
prediction (95% CI:0.75-  (95% Cl: 0.79-  (95% Cl: 0.77  (95% Cl: 0.84  (95% Cl: 0.65
value 0.95) 0.98) -0.94) - 0.99) -0.88)
Negative 0.83 0.81 0.97 0.96 0.79
prediction (95% CI: 0.75-  (95% Cl: 0.74-  (95% Cl:0.89  (95% CI: 0.88  (95% Cl: 0.72
value 0.88) 0.87) - 0.99) - 0.99) - 0.86)
Accuracy 0.85 0.85 0.93 0.95 0.79
(95% CI: 0.76 -  (95% CI: 0.76 -  (95% Cl: 0.86  (95% CI: 0.90  (95% CI: 0.70
0.91) 0.91) -0.97) - 0.99) -0.86)
F1 Score 0.79 0.77 0.91 0.94 0.72
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4.2 Results on lesion level

The second part of the statistical analysis was conducted at the lesion level. For
this, the number of new lesions or those that had increased in size by at least
50% in disease-progressing cases was counted. Among the 44 cases with
disease progression, there were a total of 122 progressive lesions, according to
the ground truth results. Since the number of existing stable lesions was not
recorded, no 95% Cls could be calculated at the lesion level to assess the

significance of the statistical parameters.

4.2.1 Results of the experienced rater

The experienced rater, without the aid of the Al-based program, identified a total
of 75 lesions as new or enlarged. Of these, 59 lesions were TP, meaning they
were indeed new or had increased in size, and 16 were FP. 63 lesions were FN,
meaning they were new or had increased in size but were not identified. These

values resulted in a sensitivity of 0.48, a PPV of 0.79 and an F1 score of 0.60.

With the help of the evaluation software, the experienced rater classified a total
of 67 lesions as progressive. Among these, 65 were TP, 2 were FP, and 57 were
FN. Based on these results, a sensitivity of 0.53, a PPV of 0.97 and an F1 score

of 0.69 were derived.

4.2.2 Results of the inexperienced rater

The inexperienced rater identified a total of 114 lesions as new or enlarged
without the aid of the Al-based program. According to the ground truth, 95 of
these lesions were TP, while 19 were FP and 27 were FN. This resulted in a
sensitivity of 0.78, a PPV of 0.83, and an F1 score of 0.81.

Using the automated software, the inexperienced rater identified a total of 117
lesions as progressive. Of these, 104 were TP, 13 were FP, and 18 were FN
based on the ground truth. From these figures, a sensitivity of 0.85, a PPV of 0.89

and an F1 score of 0.87 were calculated.
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4.2.3 Comparison of statistical parameters: Experienced vs. Inexperienced
rater

Overall, the performance for both raters improved while using the Al-based
software. Both with and without the software assistance, the inexperienced rater
demonstrated higher sensitivity than the experienced rater. With the help of the
software, sensitivity increased for both raters, with a greater increase observed
for the inexperienced rater (from 0.78 to 0.85) compared to the experienced rater
(from 0.48 to 0.53). For the PPV, the experienced rater showed a higher PPV
with software assistance (0.97) compared to without (0.79), while the
inexperienced rater's PPV was high in both cases (0.83 without and 0.89 with
software). The F1 score increased for both raters when using the software, with
the inexperienced rater achieving a higher score both with (0.87) and without
(0.81) the software compared to the experienced rater (with software: 0.69,
without: 0.60).

4.2.4 Comparison of interrater variability using Cohen's Kappa

Cohen’s k was calculated to assess the agreement between the experienced and
inexperienced rater at the lesion level. Without aid of the automated program, the
unweighted Cohen’s k was k = 0.61, and the linear weighted Cohen’s k was also
K = 0.61, indicating substantial agreement. With automated support, the
unweighted Cohen’s k increased to k = 0.64 and the linear weighted Cohen’s «

to k = 0.62, reflecting a slight improvement in agreement.

Additionally, Cohen’s k was calculated separately for each round to assess
interrater agreement between the inexperienced rater and each experienced
rater separately. In the first round, with experienced rater 1 (who reviewed 53
image pairs), the unweighted Cohen’s kK was Kk = 0.58 and the linear weighted
Cohen’s k was k = 0.54 without the automated evaluation tool, both indicating
moderate agreement. With software assistance, these values were k = 0.57
(unweighted) and k = 0.55 (weighted), still indicating moderate agreement. In the
second round, with experienced rater 2 (who reviewed 57 image pairs),

unweighted Cohen’s k was k = 0.63 and linear weighted Cohen’s k was k = 0.65
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without software, indicating substantial agreement. When using the assessment
tool, these values increased to kK = 0.70 (unweighted) and k = 0.68 (weighted),

still reflecting a substantial but increased agreement.

4.2.5 Results of the Al-based program

The program identified 72 lesions as new or enlarged. Out of these, 43 were TP,
29 were FP, and 79 were FN. From these findings, the sensitivity was determined
to be 0.35, the PPV was 0.6 and the F1 score was 0.44.

4.2.6 Key message

At the lesion level, statistical parameters indicated that sensitivity, PPV and F1
scores improved for both raters when using the automated software. The
inexperienced rater achieved higher sensitivity and F1 scores than the
experienced rater, both with and without software support. The experienced rater,
however, showed a notable increase in PPV from 0.79 without to 0.97 with
software support, surpassing the inexperienced rater's PPV with automated
support (0.89). Cohen’s k analysis showed a slight overall improvement in
interrater agreement with software support, particularly evident between the
inexperienced rater and experienced rater 2, who reached a substantial
agreement level, while agreement between the inexperienced rater and

experienced rater 1 remained moderate.
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Table 3: Statistical parameters of the analysis on the lesion level.

Experienced Experienced Inex- Inex- Automated
Rater Rater with perienced perienced program
without automated Rater Rater with
automated assistance without automated
assistance automated assistance
assistance

Lesions 75 67 114 117 72

categorized

as

progressive

True 59 65 95 104 43

positive

False 16 2 19 13 29

positive

False 63 57 27 18 79

negative

Sensitivity 0.48 0.53 0.78 0.85 0.35

Positive 0.79 0.97 0.83 0.89 0.60

prediction

value

F1 Score 0.60 0.69 0.81 0.87 0.44

4.3 Lesion Volume

The statistical analysis of progressive lesions was conducted separately for new

and enlarged lesions. Out of a total of 122 progressive lesions, there were 99

new and 23 enlarged lesions according to the ground truth.

4.3.1 Volume of new lesions

Out of the 122 progressive lesions, 99 were new lesions. The following section

describes the results of the lesions identified as progressive and non-progressive

for each rater both without and with Al-based software assistance.
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Figure 4: Example of a new MS lesion. The first image shows timepoint 1, the second shows timepoint 2,

and the third displays timepoint 2 with color-coded segmentation of the new lesion using 3D Slicer.
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4.3.1.1 Results of the experienced rater

Without using the automated software, the experienced rater identified 49 out of
the 99 new lesions as progressive, which results in a sensitivity of 0.49. The
remaining 50 new lesions were not classified as progressive and therefore were
considered as FN. The statistical analysis showed that the TP lesions had an
average volume of 93.06 mm?® (95% Cl: 49.32 — 136.81 mm?3) with a standard
deviation (SD) of 152.30 mm?, whereas the FN lesions had an average volume
of 32.15 mm3 (95% Cl: 16.38 — 47.92 mm3) with an SD of 55.49 mm?3. The
difference in average volume between detected and undetected lesions was
60.91 mm3. An independent t-test (1(97) = 2.654, p = 0.009) showed that the
undetected lesions were significantly smaller than those that were correctly

identified, which was also suggested by the non-overlapping 95% Cls.
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Figure 5: Detection of new lesions by the experienced rater without automated assistance. The y-axis shows
lesion volume in mm?® on a logarithmic scale. Lesions identified by the rater are marked in red (“found”), while
missed lesions are shown in blue (“not found”).

With assistance of the automated program, the experienced rater classified 53 of
the 99 new lesions as progressive. This corresponds to a sensitivity of 0.54.
Consequently, the remaining 46 new lesions were classified as FN. The statistical

analysis revealed the following results: the lesions identified as progressive had
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an average volume of 91.57 mm?3 (95% Cl: 50.49 — 132.65 mm?3) with an SD of
149.04 mm3. In contrast, the lesions not identified as progressive had an average
volume of 28.58 mm? (95% ClI: 14.35 — 42.80 mm?3) with an SD of 47.90 mm3.
The volume difference between the detected and undetected lesions was 62.99
mm3. An independent t-test (t(97) = 2.745, p = 0.007) indicated that the lesions
classified as progressive were significantly larger in volume than those classified

as non-progressive, a finding also supported by the non-overlapping 95% Cls.
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Figure 6: Detection of new lesions by the experienced rater with automated assistance. The y-axis
represents lesion volume in mm? on a logarithmic scale. Lesions detected by the rater are shown in red
(“found”), while those missed are shown in blue (“not found”).

Without using the Al-based software, the lesions correctly identified by the
experienced rater had an average size of 93.06 mm?® (95% Cl: 49.32 — 136.81
mm?3), while with automated assistance, the average lesion size identified was
91.57 mm?3 (95% Cl: 50.49 — 132.65 mm?3). Although lesions identified with
automation were on average smaller, this size difference was not statistically
significant due to the considerable overlap of the 95% Cls. The same applied to
the undetected size progressive lesions: the average volume of these lesions
without software assistance was 32.15 mm?3 (95% CI: 16.38 — 47.92 mm?) and
with assistance 28.58 mm? (95% Cl: 14.35 — 42.80 mm?3). Due to the overlapping

95% Cls, no significant difference could be determined. With or without software
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assistance, the lesions identified as progressive were significantly larger than

those that were not detected.
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Figure 7: Boxplots showing lesion volumes (in mm?3) for new lesions missed (“not found”) and detected
(“found”) by the experienced rater, without (left) and with (right) automated assistance. Volumes are
displayed on a logarithmic scale.

4.3.1.2 Results of the inexperienced rater

Without support of the Al-based software, the inexperienced rater classified 79
out of 99 new lesions as progressive with a sensitivity of 0.80, and the other 20
lesions as non-progressive. The statistical analysis showed the following results:
the lesions identified had an average size of 73.11 mm3(95% Cl: 44.13 — 102.09
mm3) with an SD of 129.4 mm3, while the lesions incorrectly classified as negative
had an average volume of 19.60 mm? (95% ClI: 12.57 — 26.63 mm?3) with an SD
of 15.02 mm3. This resulted in an average volume difference of 53.51 mm3. An
independent t-test (1(97) = 1.839, p = 0.069) indicated a trend toward smaller
lesions being more likely to be missed. However, this difference did not reach
statistical significance, although the non-overlapping 95% Cls suggested a
significant volume difference between lesions correctly identified as progressive

and lesions incorrectly classified as non-progressive.
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Inexperienced rater without automated assistance
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Figure 8: Detection of new lesions by the inexperienced rater without automated assistance. The y-axis
shows lesion volume in mm?® on a logarithmic scale. Lesions identified by the rater are marked in red
(“found”), while missed lesions are shown in blue (“not found”).

With automated assistance, 87 of the new lesions were correctly identified as
progressive, and 12 were incorrectly identified as non-progressive or not
recognized as new. In this case, the sensitivity was 0.88. The statistical analysis
showed that the identified lesions had an average size of 66.30 mm3 (95% CI:
39.75 — 92.85 mm?3) with an SD of 124.57 mm3, while the lesions classified as
non-progressive had an average size of 33.32 mm? (95% ClI: 14.00 — 52.64 mm?3)
with an SD of 30.41 mm3. In this case, the volume difference between the
detected and undetected new lesions was 32.98 mm3. An independent t-test
(t(97) =0.91. p = 0.365) indicated that the observed difference in volume between
FN lesions and TP lesions was not statistically significant. This is also supported
by the fact that the 95% Cls do overlap.
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Inexperienced rater with automated assistance
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Figure 9: Detection of new lesions by the inexperienced rater with automated assistance. The y-axis
represents lesion volume in mm? on a logarithmic scale. Lesions detected by the rater are marked in red
(“found”), while missed lesions are shown in blue (“not found”).

Without the aid of the Al-based software, lesions which were correctly identified
by the inexperienced rater had an average size of 73.11 mm?3 (95% Cl: 44.13 —
102.09 mm3), while those identified with automated assistance had an average
size of 66.3 mm?3 (95% CI: 39.75 — 92.85 mm?3). The overlapping 95% Cls
suggested that despite the average size of lesions identified with automated
assistance being smaller, this difference may not be statistically significant.
Without the automated program, the lesions incorrectly identified as non-
progressive had an average volume of 19.6 mm?3 (95% Cl: 12.57 — 26.63 mm?3).
With automated assistance, the FN lesions had an average size of 33.32 mm3
(95% Cl: 14.00 — 52.64 mm?3). The overlap in 95% Cls suggested that the
difference in average size of the undetected lesions with and without automated

assistance may not be statistically significant.
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Figure 10: Boxplots showing lesion volumes in mm? for new lesions missed (“not found”) and detected
(“found”) by the inexperienced rater on a logarithmic scale. The left figure shows the volumes without
automated assistance, while the right figure shows the volumes with automated assistance.

4.3.1.3 Results of the Al-based program

Out of the 99 new lesions according to the ground truth, the Al-based software
identified 28 as progressive, while the remaining 71 new lesions were classified
as non-progressive. This resulted in a sensitivity of 0.28. The TP lesions had an
average volume of 149.09 mm?3 (95% CI: 78.19 — 219.99 mm?3) with an SD of
182.85 mm3. For the lesions not identified as progressive, the average volume
was 28.07 mm? (95% Cl: 16.78 — 39.36 mm3) with an SD of 47.7 mm3. The
difference in the average volumes of detected and undetected lesions in this case
was 121.02 mm3. An independent t-test (1(97) = 5.183, p < 0.0001) showed that
the difference in volume was statistically significant, which is further supported by

the fact that the 95% Cls for detected versus undetected lesions did not overlap.

50



Lesions
1000 ® @ not found
® @ound
° ° . ° ° °
™
()
™
E 100 . ° L °e ® .,
E e © o e ° o
@ (e} e o 0, o ° el
E o °0 o° o oe © o ®
_g *° e o e .. ... ° e -. o. o
> o &b ° ° ..o ° e © ® o 5
] o * e ° o o
[ ] Q e 5] )
1

0

Figure 11: Detection of new lesions by the Al-based program. The y-axis shows lesion volume in mm?® on a
logarithmic scale. Lesions identified are marked in red (“found”), while missed lesions are shown in blue
(“not found”).
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Figure 12: Boxplots comparing lesion volumes (in mm?®) for missed (“not found”) and detected (“found”) new
lesions by the Al-based program. Lesion volumes are displayed on a logarithmic scale.

4.3.1.4 Comparison of statistical parameters: experienced vs. inexperienced
rater

Although the inexperienced rater identified smaller lesions on average both

without (mean volume 73.11 mm3, 95% CI 44.13 — 102.09 mm3) and with

automated assistance (mean volume 66.3 mm3, 95% CIl 39.75 — 92.85 mm?)

compared to the experienced rater (without assistance: mean volume 93.06 mm?,
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95% Cl 49.32 — 136.81 mm3; with assistance: mean volume 91.57 mm?3, 95% ClI
50.49 — 132.65 mm?3), the overlapping 95% Cls suggested that this volume
difference was not statistically significant. Similarly, no statistically significant
difference in volume was found between the experienced (without assistance:
mean volume 32.15 mm3, 95% CIl 16.38 — 47.92 mm3; with assistance: mean
volume 28.58 mm3, 95% CI 14.35 — 42.80 mm?3) and inexperienced rater (without
assistance: mean volume 19.6 mm3, 95% Cl 12.57 — 26.63 mm?3; with assistance:
mean volume 33.32 mm3, 95% CI 14.00 — 52.64 mm3) for the undetected lesions,
regardless of whether assistance was used. For both the experienced and
inexperienced rater, the size of the newly detected lesions did not differ
significantly with use of the automated program compared to the assessment
without it. The same applied to the undetected new lesions. For the experienced
rater, the detected lesions were significantly larger than the undetected lesions,
both with and without software assistance. For the inexperienced rater, this was
only true for the assessment without automated assistance, whereas with
software support, no significant volume difference was observed between
detected and undetected lesions. For the Al-based tool alone, the detected
lesions (mean volume 149.09 mm3, 95% CI 78.19 — 219.99 mm?3) were
significantly larger than the undetected lesions (mean volume 28.07 mm3, 95%
Cl 16.78 — 39.36 mm?3). The volume of the detected lesions exceeded that of the
lesions identified by either the experienced or inexperienced rater. However, the
overlapping 95% Cls in both cases indicated no significant difference in volume
between the lesions detected and undetected by the automated tool compared

to those by either rater.

4.3.2 Volume of enlarged lesions

Out of the 122 progressive lesions, 23 were enlarged lesions. In addition to
measuring the volume of the lesions at the second MRI time point, the volume
difference between the two MRI scans was recorded as well. The following
section describes the results of the lesions identified as progressive and non-
progressive, based on the volume differences for each rater. Since the data for
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enlarged lesions was not normally distributed, the median and interquartile range

were used to describe it.

Figure 13: Example of an enlarged MS lesion. The firstimage shows timepoint 1, the second shows timepoint
2, and the third displays timepoint 2 with color-coded segmentation of the enlarged lesion using 3D Slicer.
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4.3.2.1 Results of the experienced rater

Of the 23 enlarged lesions, the experienced rater accurately classified 10 as
progressive without automated assistance, resulting in a sensitivity of 0.43. The
volume increase of the lesions was used to statistically compare these with the
lesions not identified as progressive. The statistical analysis showed that the
detected progressive lesions had an average volume increase of 192.82 mm3
(95% Cl: 42.02 — 343.61 mm?3) compared to the initial MRI examination, with a
median of 133.09 mm3. The first quartile was 37.46 mm? and the third quartile
was 258.28 mm3, resulting in an interquartile range of 220.82 mm3. The remaining
13 progressively enlarged lesions were not detected and were therefore
considered FN. For these undetected lesions, the analysis revealed an average
volume increase of 105.73 mm?3 (95% CI: 9.50 — 201.96 mm?3) with a median of
49.95 mm3. The first quartile was 20.38 mm? while the third quartile was 104.50
mm3, giving an interquartile range of 84.12 mm3. Since the values were not
normally distributed, a Wilcoxon test was performed to determine whether the
lesion volumes differed significantly based on medians. The Wilcoxon test
produced a p-value of 0.17, indicating no statistically significant difference in
median volumes of detected and undetected enlarged lesions. Although lesions
with larger volume increases were more likely to be identified as progressive
compared to those with smaller increases, this difference was not statistically

significant based on median volumes.
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Figure 14: Identification of enlarged lesions by the experienced rater without automated support. The y-
axis displays the lesion’s volume difference between timepoint 1 and timepoint 2 in mm?® on a logarithmic
scale. Lesions recognized by the rater are shown in red (“found”), while those missed are marked in blue
(“not found”).

With assistance from the automated program, the experienced rater correctly
classified 12 of the 23 enlarged progressive lesions as progressive, while
misclassifying 11 as non-progressive, which resulted in a sensitivity of 0.52. The
volume increase between the two MRI imaging points was recorded, and a
Wilcoxon test was performed to compare the median volumes of detected and
undetected lesions. For the 12 lesions identified as progressive, the average
volume increase was 177.05 mm?3 (95% CI: 50.59 — 303.51 mm?) with a median
of 106.54 mm3. The first quartile was 50.96 mm?3 and the third quartile 230.39
mm?3, resulting in an interquartile range of 179.43 mm3. For the 11 lesions not
classified as progressive, the average volume increase was 107.1 mm?3 (95% CI:
-5.96 — 220.16 mm3), with a median of 33.75 mm3. The first quartile for these
lesions was 14.65 mm?3 and the third quartile was 110.00 mm?3, yielding an
interquartile range of 95.35 mm3. The Wilcoxon test produced a p-value of 0.18,
which indicated that the difference in volume increase between detected and
undetected lesions was not statistically significant, although the experienced rater
was generally more likely to detect progressive lesions with larger volume

increases.
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Figure 15: Detection of enlarged lesions by the experienced rater with automated assistance. The y-axis
shows the lesion’s volume difference between timepoint 1 and timepoint 2 in mm? on a logarithmic scale.
Lesions identified by the rater are marked in red (“found”), while missed lesions are shown in blue (‘not
found”).

Without support from the automated software, the lesions identified as enlarged
by the experienced rater had a median volume increase of 133.09 mm3. With the
support of the automated program, the rater identified lesions with a smaller
median volume increase of 106.54 mm3. The statistical analysis using a Wilcoxon
test yielded a p-value of 0.46, indicating that this difference was not statistically
significant. The interquartile range of 220.82 mm?3 without automated support
indicated a broader spread compared to 179.43 mm? with software support. For
lesions classified as non-progressive, the median volume increase was 49.95
mm? without software assistance and 33.75 mm?3 with assistance. Here too, the
Wilcoxon test yielded no significant difference, with a p-value of 0.91, though the
experienced rater tended to classify lesions with a larger median volume increase
as non-progressive when not using Al-based assistance. For undetected lesions,
data variability was higher with software support, showing an interquartile range
of 95.35 mm3® compared to 84.12 mm?® without assistance. Although the
experienced rater tended to classify lesions with a larger volume increase as
enlarged both with and without automated support, the statistical analysis in both

cases showed that these differences were not significant.

56



Experienced rater without automated assistance Experienced rater with automated assistance

1000 1000

“m l

100

Volume difference in mm3
Volume difference in mm3

not found found not found found

Figure 16: Boxplots showing the volume differences between timepoint 1 and timepoint 2 (in mm?3) for
enlarged lesions that were missed (“not found”) or detected (“found”) by the experienced rater, without (left)
and with (right) automated assistance. The volume differences are displayed on a logarithmic scale.

4.3.2.2 Results of the inexperienced rater

Out of the 23 enlarged progressive lesions, the inexperienced rater classified 16
as progressive without the Al-based software, while 7 lesions were not detected.
This corresponded to a sensitivity of 0.70. The statistical analysis showed that
the average volume difference for the 16 lesions classified as enlarged was
168.57 mm?3 (95% CI: 58.95 — 278.2 mm?3), with a median of 85.94 mm3. The
interquartile range was 203.05 mm3, with a first quartile of 27.34 mm? and a third
quartile of 230.39 mm3. For the seven lesions not classified as progressive, the
average volume difference was 86.5 mm3 (95% CI: -19.87 — 192.86 mm3), with a
median of 50.18 mm?3. The interquartile range for these lesions was 81.90 mm?3,
with a first quartile of 17.10 mm3 and a third quartile of 99.00 mm3. While the
inexperienced rater was generally more likely to correctly identify lesions with a
larger volume increase as progressive, the Wilcoxon test performed showed a p-
value of 1.00, suggesting that the difference in median volume increase between

detected and undetected lesions was not statistically significant.
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Figure 17: Identification of enlarged lesions by the inexperienced rater without automated support. The y-
axis shows the lesion’s volume difference between timepoint 1 and timepoint 2 in mm?® on a logarithmic
scale. Lesions identified by the rater are marked in red (“found”), while missed lesions are shown in blue
(“not found”).

With automated assistance, the inexperienced rater correctly classified 17 of the
23 enlarged progressive lesions as enlarged, yielding a sensitivity of 0.74. The
average volume difference between the two MRI time points for the 17 lesions
classified as enlarged was 161.73 mm?3 (95% CI: 58.38 — 265.09 mm?), with a
median of 61.87 mm3. The first quartile was 27.68 mm?3 and the third quartile was
229.26 mm?3, resulting in an interquartile range of 201.58 mm?3. For the remaining
6 lesions that were not classified as progressive, the average volume difference
was 92.21 mm3(95% Cl: -39.79 — 224.20 mm3), with a median of 36.23 mm3. The
interquartile range for these lesions was 146.05 mm3, with a first quartile of 21.10
mm? and a third quartile of 167.15 mm3. The Wilcoxon test yielded a p-value of
0.92, indicating that the volume difference between detected and undetected

lesions was not statistically significant.
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Figure 18: Detection of enlarged lesions by the inexperienced rater with automated assistance. The y-axis
displays the lesion’s volume difference between timepoint 1 and timepoint 2 in mm? using a logarithmic
scale. Lesions identified by the rater are marked in red (“found”), while undetected lesions are shown in blue
(“not found”).

Without the Al-based software, lesions classified as progressive had an average
median volume of 85.94 mm3. In contrast, the inexperienced rater using the
software identified lesions as progressive with a median volume increase of 61.86
mm3. The Wilcoxon test showed no statistically significant difference, with a p-
value of 0.79. The spread of values, measured by interquartile range, was similar
without (203.05 mm?3) and with (201.58 mm?3) automated support. Lesions that
were incorrectly not identified as progressive had an average median volume
increase of 50.18 mm?3 without software assistance, compared to 36.23 mm?3 with
automated support. Here, the Wilcoxon test yielded a p-value of 0.92, again
indicating no statistically significant difference, though the inexperienced rater
with Al support identified lesions with a smaller median volume increase as
progressive. Without software support, the spread of values was lower (81.90
mm?3) compared to the spread with software support (146.05 mm?3). Although the
inexperienced rater tended to classify lesions with larger volume increases as
progressive both with and without automated support, statistical analysis in both

cases found these differences to be insignificant.
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Figure 19: Boxplots illustrating the volume differences between timepoint 1 and timepoint 2 (in mm?3) of
enlarged lesions either missed (“not found”) or identified (“found”) by the inexperienced rater, presented
without (left) and with (right) automated assistance. The volume differences are shown on a logarithmic
scale.

4.3.2.3 Results of the Al-based program

Out of the 23 size progressive lesions identified by the ground truth, the
automated assessment software correctly classified 15 as progressive, yielding
a sensitivity of 0.65. The average volume increase for these 15 detected lesions
between the two MRI time points was 201.2 mm? (95% CI: 86.86—315.55 mm?3),
with a median increase of 114.07 mm3. The interquartile range was 288.42 mm?3,
with the first quartile at 50.18 mm?3 and the third quartile at 338.60 mm3. For the
eight lesions not identified as enlarged, the average volume increase between
the imaging time points was 35.58 mm?3 (95% CI: 9.00-62.16 mm?3), with a median
of 27.68 mm3. Here, the interquartile range was 19.95 mm3, with the first quartile
at 17.51 mm?3 and the third quartile at 37.46 mm3. Although the software was
more likely to classify lesions with larger volume increases as progressive, the
Wilcoxon test yielded a p-value of 0.07, indicating that the difference in volume
increase between detected and undetected lesions was not statistically

significant.
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Figure 20: Identification of enlarged lesions by the automated program. The y-axis displays the lesion’s
volume difference between timepoint 1 and timepoint 2 in mm? using a logarithmic scale. Lesions identified
by the Al-based program are marked in red (“found”), while undetected lesions are shown in blue (“not
found”).
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Figure 21: Boxplots displaying the volume differences between timepoint 1 and timepoint 2 (in mm?3) of
enlarged lesions that were missed (“not found”) or identified (“found”) by the automated program, shown on
a logarithmic scale.

4.3.2.4 Comparison of statistical parameters: experienced vs. inexperienced
rater
The assessment of enlarged lesions by the experienced rater, the inexperienced

rater and the automated program highlighted clear differences in the median
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volume increases for lesions identified as progressive and those missed. Across
all raters, lesions classified as progressive had larger median volume increases
than those undetected, though none of the approaches showed a statistically
significant difference in these volume changes, as reflected by p-values from

Wilcoxon tests in the statistical analysis.

Without the Al-based software, the experienced rater identified progressive
lesions with a median volume increase of 133.09 mm?® compared to the initial
examination. In contrast, the inexperienced rater classified lesions as progressive
at a lower median volume increase of 85.94 mm3, indicating that the
inexperienced rater detected lesions with smaller volume increases compared to
the experienced rater. To assess if this difference was statistically significant, a
Wilcoxon test was applied, resulting in a p-value of 0.14, which did not indicate
statistical significance. For lesions missed without automated aid, the median
volume increase was 49.95 mm? for the experienced rater and 50.18 mm? for the
inexperienced rater. Here, the Wilcoxon test yielded a p-value of 1.00, showing

no significant difference between the raters.

With automated support, lesions identified as progressive by the experienced
rater had a median volume increase of 106.51 mm3, while the inexperienced rater
identified progressive lesions at an even lower median volume increase of 61.87
mm3. However, the Wilcoxon test yielded a p-value of 0.16, showing no
statistically significant difference between the raters in this round either. Among
the undetected lesions, the experienced rater missed lesions with a median
volume increase of 33.75 mm3, which was lower than for the inexperienced rater
(36.23 mm?3), yet the Wilcoxon test resulted in a p-value of 0.89, again indicating

no statistically significant difference.

Both with and without Al-based assistance, there was no statistically significant
difference between the experienced and inexperienced raters in their
classification of progressive lesions, despite the inexperienced rater generally

identifying lesions with smaller median volume increases.
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4.4 Evaluation duration

With the growing number of radiological examinations (European Society of
Radiology 2009 2010), the efficiency and duration of evaluating MRI images for
MS patients are crucial in clinical routine. Therefore, in researching this
automated tool for assisting in the assessment of MRI images, the question of
the difference in duration with versus without the automated program is an

important parameter.

4.41 Evaluation duration of the experienced rater
For the experienced raters, only the total assessment duration, yet not the time
for individual cases, was recorded. Therefore, no statistical analysis of the

experienced rater’s values could be conducted.

The 110 patient cases were split into two rounds, with one experienced rater
evaluating each round. The first round consisted of 53 cases, which were
evaluated by a neuroradiologist with 16 years of experience. Without automated
support, the rater took an average of 03:47 minutes per case, while with software
assistance, this was reduced to 02:02 minutes. With the software support, the
rater saved 01:45 minutes per case, representing a percentage reduction of
46.32%.

The remaining 57 cases were evaluated in round 2 by a neuroradiologist with 8
years of experience. Without software support, the evaluation took an average of
06:37 minutes per case, whereas with assistance, the time was reduced to 04:21
minutes. This means the rater was 02:16 minutes faster per case when using the

Al-based program, which corresponds to a percentage reduction of 34.23%.

When combining both rounds, the experienced raters took an average of 05:15
minutes per case to evaluate all 110 cases without the assistance of the
automated program, whereas with automated support, the time was reduced to
03:14 minutes. This represents a difference of 02:01 minutes or a percentual
reduction of 38.41%.
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4.4.2 Evaluation duration of the inexperienced rater

Since the inexperienced rater had no prior experience with radiology, a learning
effect during the initial evaluation of MRI images of MS patients could not be ruled
out. Therefore, an initial assessment of the duration per case was conducted
using a paired bar chart, assuming that outliers with particularly long evaluation
times would appear in the beginning. The paired bar chart showed a noticeably
large difference only for the first evaluated case. This was most likely due to the
learning effect, so the statistical analysis of the time required for the evaluation

was calculated both with and without this case.
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Figure 22: Evaluation duration per case for all 110 cases assessed by the inexperienced rater, shown with
(orange) and without (blue) Al assistance. Each bar represents the time required to evaluate a single case.

4.4.2.1 Without automated assistance

Without the assistance of the automated program, the inexperienced rater
required an average of 14:59 minutes per case (95% CI: 13:07 min — 16:51 min)
for the evaluation of both rounds. The SD was 09:50 minutes, the shortest
duration for the assessment of one case was 03:41 minutes, while the longest
was 01:05:07 hours.
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Figure 23: Evaluation duration per case for all 110 cases assessed by the inexperienced rater without Al
assistance. Each bar represents the time taken to evaluate a single case.

Additionally, a statistical analysis was conducted excluding the first case, which
was considered an outlier due to its significantly longer evaluation time of
01:05:07 hours, attributed to the learning effect. The evaluation of the remaining
109 cases resulted in an average duration of 14:31 minutes per case (95% CI:
12:53 min — 16:10 min) with an SD of 08:37 minutes.

Furthermore, the evaluation process for the inexperienced rater was divided into
two rounds (the first with 53 cases and the second with 57 cases) to assess a
possible learning effect over the course of a prolonged observation. In the
following analysis, both the duration for both rounds and the duration of each

round individually were evaluated.

In the first evaluation round, 53 cases were assessed with an average duration
of 20:22 minutes per case (95% CI: 17:29 min — 23:15 min) with an SD of 10:27
minutes. The first case was considered an outlier due to the learning effect.
Excluding this outlier, the statistical analysis for the first round showed an average
duration of 19:30 minutes (95% CI: 17:09 min — 21:51 min) with an SD of 08:26

minutes.

In the second evaluation round, 57 cases were assessed with an average
duration of 09:59 minutes (95% CI: 08:25 min — 11:32 min) per case and an SD
of 05:52 minutes.
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Since the 95% Cls for the time per case in the first and second round did not
overlap, it can be assumed that the inexperienced rater had significantly shorter

evaluation times per case in the second round.

Additionally, a Pearson correlation was calculated to determine the strength of
relationship between the evaluation duration of the two rounds. This resulted in a

correlation of 0.30 (p < 0.05), indicating only a weak association.

4.4.2.2 With automated assistance

With assistance of the automated program, the inexperienced rater required an
average of 07:56 minutes per case (95% CI: 07:17 min — 08:35 min) for the
assessment of all 110 cases. The SD was 03:27 minutes, the shortest duration
for the evaluation of one case was 02:27 minutes and the longest was 21:58

minutes. The times for all cases were displayed in a bar chart.
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Figure 24: Time taken to evaluate each of the 110 cases by the inexperienced rater using Al assistance.
Each bar shows the duration spent on one individual case.
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The first round of evaluations involved MRI data from 53 MS patients. With the
help of the Al-based software, the inexperienced rater took an average of 08:42
minutes per case (95% CI: 07:39 min — 09:45 min), with an SD of 03:48 minutes.
For the evaluation of the other 57 cases in the second round, the average time
per case was 07:13 minutes (95% CI: 06:26 min — 08:00 min), with an SD of
02:57 minutes.
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In the second round, the inexperienced rater took less time per case. However,
the 95% Cls for the first and second round did overlap, so this difference was not

statistically significant.

A Pearson correlation was calculated to assess the strength of relationship
between the evaluation durations of the first and second round. The calculation
yielded a Pearson correlation of 0.29 (p < 0.05), indicating only a weak

association between the two rounds.

4.4.2.3 Comparison of evaluation duration without vs. with automatic
assistance

For the statistical analysis of evaluation duration without versus with automatic
assistance, a paired t-test was conducted. The analysis showed a significant
difference of 07:03 minutes (95% CI: 05:30 — 08:35 min) in evaluation duration
without the automated program (mean (M) = 14:59 min, SD = 09:50 min)
compared to with the program (M = 07:56 min, SD = 03:27 min), t(109) = 9.04, p
< 0.001. The effect size, measured by Cohen’s d, was d = 0.86 (95% CI: 0.64 —
1.08), indicating a strong effect.

Additionally, an analysis was conducted excluding the first case as it was
classified as an outlier, since its unusually long evaluation time might have been
due to a learning effect. Without this outlier, the paired-samples t-test showed a
significant difference of 06:41 minutes (95% CI: 05:18 — 08:04 min) in evaluation
time without Al-based support (M = 14:31 min, SD = 08:37 min) compared to with
support (M = 07:50 min, SD = 03:17 min), t(108) = 9.56, p < 0.001. The effect
size, calculated with Cohen’s d, was d = 0.92 (95% CI: 0.69 — 1.14), indicating a

strong effect.

Furthermore, a Pearson correlation coefficient was calculated to compare the
duration without and with automated assistance, which showed a strong
correlation of 0.62 (p < 0.001). Even when excluding the outlier, a Pearson
correlation coefficient of 0.56 (p < 0.001) still indicated a large effect.
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In addition to analyzing all patient cases, a comparison of evaluation duration with
and without automated support was also conducted separately for the first round

with 53 cases and the second round with 57 cases.

The paired t-test for the statistical analysis of the first 53 cases revealed a
statistically significant difference of 11:40 minutes (95% CI: 9:26 min — 13:53 min)
in evaluation duration without (M = 20.22 min, SD = 10:27 min) versus with
automated assistance (M = 08:42 min, SD = 03:48 min), t(52) = 10.53, p < 0.001.
The effect size using Cohen’s d showed a strong intervention effect with d = 1.45
(95% CI: 1.06 — 1.83).

When excluding the outlier in the paired t-test, there was a statistically significant
difference in duration of 11:00 minutes (95% CI: 09:11 min — 12:50 min) between
the evaluation without (M = 19:30 min, SD = 08:26 min) and with the Al-based
program (M = 08:30 min, SD = 03:32 min), t(51) = 12.11, p < 0.001. Here, the
effect size using Cohen’s d indicated a large effect with d = 1.68 (95% CI: 1.25 —
2.10) as well.

For the first 53 cases, Pearson correlation analysis showed a strong relationship
between processing times with and without automated support of 0.74
(p < 0.001). When excluding the first case as an outlier, the correlation was
slightly lower but still strong at 0.68 (p < 0.001).
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Figure 25: Time spent evaluating each case in the first round of 53 cases by the inexperienced rater, with Al
assistance shown in orange and without Al assistance shown in blue. Each bar represents the time taken to
evaluate a single case.
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A paired t-test was conducted to statistically analyze the evaluation duration of
the second round with the remaining 57 patient cases. The test revealed a
statistically significant difference in duration of 02:46 minutes (95% CI: 01:17 min
— 04:13 min) when comparing the evaluation without automated assistance (M =
09:59 min, SD = 05:52 min) to the assessment with automated support (M =07:13
min, SD = 02:57 min), t(56) = 3.75, p < 0.001. The effect size, calculated using
Cohen’s d, was lower than in the first evaluation round, with d = 0.50 (95% CI:

0.22 - 0.77), indicating a medium effect size.

For the second round with 57 patient cases, a Pearson correlation was calculated
to assess the relationship between evaluation duration without and with use of
the automated program, resulting in a moderate correlation of 0.36 (p < 0.006).

Thus, the correlation in the second round was weaker than in the first round.
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Figure 26: Duration for evaluating each of the 57 cases in the second round by the inexperienced rater,
displayed in orange with Al assistance and in blue without Al assistance. Each bar shows the evaluation
time for an individual case.

4.5 Summary of the Results

At the case level, neither the experienced nor the inexperienced rater showed
statistically significant differences in sensitivity, specificity, PPV, NPV or overall
accuracy when comparing evaluations with and without the automated program.
Notably, the inexperienced rater consistently demonstrated higher sensitivity and

NPV than the experienced rater, both with and without the Al-based software.
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The interrater reliability measured by unweighted Cohen’s k improved with
automated assistance, rising from k = 0.56 without automated support to k = 0.68
with it.

At the lesion level, both raters showed improved sensibility, PPV and F1 scores
with the automated tool. Interrater reliability, again using unweighted Cohen'’s Kk,

slightly increased from k = 0.61 without the software to k = 0.64 with its use.

Additionally, the volume of all progressive lesions was analyzed, with separate
assessments for new and enlarged lesions. Across all raters and software
conditions, detected lesions were significantly larger than undetected ones. For
newly detected lesions, while the inexperienced rater identified smaller lesions
on average compared to the experienced rater, both with and without automated
assistance, this volume difference was not statistically significant. Similarly, no
statistically significant volume differences were found for undetected lesions

between the two raters, regardless of software assistance.

The assessment of enlarged lesions by both raters as well as the Al-based
software showed that lesions classified as progressive had larger median volume
increases than the undetected lesions, though none of the approaches showed
a statistically significant difference in these volume differences. Both with and
without software assistance, the inexperienced rater identified enlarged lesions
at smaller volume increases than the experienced rater, though these differences

were not statistically significant as well.

Moreover, evaluation duration was measured. Since only the absolute time was
recorded for the experienced rater, no statistical analysis could be performed.
The average time per case was reported as 05:15 minutes without Al-based
assistance and 03:14 minutes with assistance, which refers to a percentual
reduction of 38.41%.

For the inexperienced rater, a statistically significant reduction in evaluation time
per case was found, decreasing from 14:31 minutes without automated
assistance to 07:50 minutes with it, which was a percentual reduction of 46.04%.

The first case was excluded from the analysis due to a potential learning effect.
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Additionally, a significant reduction in the average duration was observed across
both rounds when using the evaluation program. However, the effect in the

second round was not as strong as in the first round.

5 Discussion

This study aimed to assess the evaluation of MRI images of MS patients by raters
with different levels of experience, both with and without the support of an
automated lesion detection tool. Tracking lesion activity to monitor MS disease
progression has emerged as an important factor in determining whether
adjustments to immunomodulatory therapy are necessary (Weiner 2009).
However, Al-assisted methods for assessing MS lesion activity using baseline
and follow-up MRI scans remain limited, and only a few studies have investigated
how radiologists and medical staff with no prior radiological experience perform
with the support of automated lesion detection systems compared to without such

assistance.

Therefore, this study focuses on the evaluation of longitudinal MRI data from MS
patients, with raters being supported by an automated lesion detection program

that highlights unchanged, new, enlarged, or reduced lesions in distinct colors.

The primary objective was to determine how the use of this tool affects the
classification of follow-up MRI images in terms of progressive versus non-
progressive disease courses, based on the identification of new or enlarged
lesions, across raters with varying levels of expertise. Additionally, the study
aimed to investigate whether the use of this automated tool provides advantages

in terms of evaluation duration and interrater variability.

5.1 Impact of automated assistance on the assessment of disease course
and lesion detection

The results of this study indicate that the use of an automated lesion detection

system did not yield a statistically significant improvement in sensitivity,
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specificity, PPV, NPV, or overall accuracy in assessing whether a patient’s
disease course was progressive or stable, regardless of the rater’s level of

radiological experience.

At the lesion level, both experienced and inexperienced raters benefited from the
use of the automated tool, showing improvements in sensitivity, PPV, and F1
scores. Nevertheless, these improvements did not reach statistical significance
in the lesion-level analysis. However, this enhancement in lesion detection did
not translate into an improvement in correctly identifying progressive cases as
progressive, which implies that detecting more lesions does not necessarily lead

to a more accurate assessment of disease course.

Interestingly, the inexperienced rater consistently demonstrated significantly
higher sensitivity, NPV and accuracy in assessing the longitudinal MRI data as
either progressive or non-progressive compared to the experienced rater both
with and without automated assistance. One possible explanation for the higher
sensitivity observed in the inexperienced rater could be the extended evaluation
time, allowing the identification of a greater number of progressive lesions.
Another hypothesis is that, in clinical practice, the primary focus is on determining
whether disease progression is present rather than precisely quantifying and
localizing each progressive lesion. Consequently, experienced raters may adopt
a more pragmatic approach, potentially ceasing detailed evaluation after

identifying a sufficient number of lesions indicative of disease progression.

Contrary to our findings, previous studies have reported improvements in lesion
detection and disease course classification when employing Al-assisted
workflows. For instance, Combeés et al. (Combes et al. 2021) demonstrated that
integrating an automated lesion detection workflow significantly increased the
number of identified new MS lesions in longitudinal MRI scans, even among
highly experienced neuroradiologists, and influenced the classification of
patient’s disease course as stable or active based on MRI findings. In their study,
the sensitivity of three neuroradiologists for detecting new lesions improved
substantially with Al assistance, increasing from 0.60 — 0.66 without support to
0.75 — 0.84 with Al, and all improvements were statistically significant. Similarly,
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Van Hecke et al. (van Hecke et al. 2021) found that incorporating Al-assisted
radiological reading by the tool icobrain MS significantly increased the proportion
of patients classified as having disease activity compared to visual assessment
alone. Their findings suggest that Al augmentation can enhance radiological

detection of disease activity, potentially impacting clinical decision-making.

Considering these contrasting results, the discrepancies between our findings
and previous studies may be attributable to differences in study design, the
specific Al-assisted tool employed, or the complexity of lesion interpretation in
real-world clinical settings. Additionally, the baseline sensitivity for detecting
disease progression without automated assistance was already relatively high
compared to the other studies, at 0.7 for the experienced rater and 0.95 for the
inexperienced rater, leaving limited room for further improvement using Al-based

software in this context.

While prior research highlights the potential for automated lesion detection to
enhance lesion identification rates, our study suggests that this benefit does not
necessarily translate into improved overall diagnostic performance regarding

disease progression assessment.

Further analysis of lesion volume dynamics revealed that the detected
progressive lesions were significantly larger than undetected ones, regardless of
the rater or software condition. Similarly, no significant differences in the volume
of undetected lesions were found between the raters, suggesting that lesion
detection was primarily size-dependent rather than influenced by experience or
software use. This implies that while Al-based tools may support lesion detection,

their influence on volumetric assessment remains limited.

Our findings align with prior studies which highlight the influence of lesion volume
on detection rates. Commowick et al. (Commowick et al. 2018) emphasize that
lesion detection rates significantly decline as lesion volume decreases, leading
to false negatives in automated segmentation. The link between lesion volume
and detection accuracy is further supported by Cabezas et al. (Cabezas et al.
2016), who state that small lesions between 3 and 10 voxels had a notably low
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detection rate of only 42.86% compared to a detection rate of 77.42% for large

lesions of >50 voxels.

Overall, these findings highlight the limitations of current MS lesion detection
methods, both manual and automated, in identifying small lesions. This poses a
challenge in monitoring MS progression, as newly formed lesions, which are often
small, may be overlooked (Basaran et al. 2022) and emphasized the need for
advancements in imaging techniques and algorithmic sensitivity to improve early

lesion detection.

5.2 Use of automated assistance for evaluators with varying radiological
experience
Another key aspect of this study was to assess how raters with different levels of

radiological experience benefit from an Al-based lesion detection tool.

In this study, all raters, regardless of their expertise in neuroradiological imaging,
exhibited higher sensitivity, PPV, and F1 scores at the lesion level, though the
improvements were not statistically significant. However, the improved lesion
detection did not translate into significantly better identification of disease course.
Notably, the inexperienced rater consistently demonstrated higher sensitivity,
NPV and accuracy than the experienced raters, regardless of automated
assistance. Therefore, the findings of our study support the implementation of the
Al-based tool from the beginning of specialist medical training even among junior
physicians without prior neuroradiological experience, as its use required no

specific training.

Previous research has investigated the influence of radiological expertise on MS
lesion detection, with some studies specifically examining the role of Al support
in this context. Contrary to our findings, Wang et al. (Wang et al. 2017)
demonstrated that neuroradiologists outperformed non-neuroradiologists in
conventional MS imaging analysis, achieving a sensitivity of 82% compared to
42% in the non-neuroradiologist group, as well as a higher NPV of 89% vs. 64%,
and a lower FNR of 18% vs. 58%. Similarly, Combeés et al. (Combes et al. 2021)
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observed that experienced neuroradiologists generally detected more new
lesions than less experienced clinicians, although these differences were not
statistically significant. However, their study also found that the implementation
of Al-generated lesion masks led to a more than 15% increase in lesion detection
across all raters, indicating that Al provides benefits irrespective of experience
level. Likewise, Dahan et al. (Dahan et al. 2018) reported that both trained and
untrained raters exhibited a statistically significant improvement in new lesion
detection when using Al assistance. While this aligns with our findings at the
lesion level, it diverges from our case-level results, where overall diagnostic
accuracy remained unaffected. These varying study results emphasize the need
for additional research to determine whether Al tools can compensate for limited

experience in lesion detection.

5.3 Impact of Al-based evaluation programs on interrater reliability

An additional objective of our study was to assess interrater reliability and
evaluate the impact of Al-based assistance on agreement between evaluators.
The use of automated assistance improved interrater reliability in disease course
assessment, as indicated by an increase in Cohen’s k from 0.56 (moderate
agreement) to 0.68 (substantial agreement). This suggests that Al-based
software enhances consistency between raters, even in the absence of
significant changes in overall diagnostic performance. At the lesion level,
interrater reliability also slightly increased from 0.61 to 0.64 with software use,
indicating more consistent lesion classification. These findings support the

potential of Al tools to reduce interrater variability.

Our findings align with previous studies that have investigated interrater reliability
in similar contexts. Park et al. (Park et al. 2022) reported moderate interrater
agreement (Cohen’s k = 0.567) for standard image review, which improved to
almost perfect agreement (Cohen’s k = 0.822) with the use of color complement
image maps. Another study by Combes et al. (Combeés et al. 2021) also reported
a reduction in inter-expert variability when segmentation masks were used, with

the overall Fleiss’s Kappa coefficient decreasing from 0.59 (95% CI: 0.49 — 0.69)
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without Al support to 0.47 (95% CI: 0.38 — 0.57) with Al. However, this reduction
did not reach statistical significance. Van Hecke et al. (van Hecke et al. 2021)
demonstrated a 32.5% improvement in interrater lesion count agreement with Al-
assisted annotations, reinforcing the notion that automated support can enhance
consistency in lesion detection. In contrast, Peters et al. (Peters et al. 2024) found
that the interclass correlation coefficient was already high without automated
assistance (0.827 in cohort 1 and 0.922 in cohort 2) and did not change
significantly with Al support (0.837 in cohort 1 and 0.820 in cohort 2), suggesting
that in settings with already high reliability, Al assistance may not provide

additional benefits.

In conclusion, while Al-based assistance can improve interrater reliability in
disease course assessment and lesion classification, its impact might be more
pronounced in scenarios where baseline agreement is moderate rather than
already high. Despite these improvements, visual MRI reading remains prone to
interrater variability, especially in high lesion burden cases (Galletto Pregliasco
et al. 2018). In our study, raters focused on accuracy rather than routine clinical
MRI reading. Therefore, in clinical practice, time constraints may further increase
variability, emphasizing the need for further research to evaluate the performance

of Al tools in real-world clinical settings.

5.4 Impact of Al-based lesion detection programs on evaluation time

Another key aspect of the study was the impact of automated assistance on
evaluation duration. Interpreting brain MRIs of MS patients can be time-
consuming, especially in cases with multiple lesions (Galletto Pregliasco et al.
2018), as accurate tracking of lesion changes is crucial. In our study, due to the
absence of individual time recordings for the experienced raters, statistical
analysis could not be performed. However, the experienced rater’s reported times
suggest a reduction from 05:15 minutes without Al to 03:14 minutes with Al per
case, a 38.41% decrease. For the inexperienced rater, a significant reduction was
observed, from 14:31 minutes to 07:50 minutes per case, which reflects a

reduction in reading time by 46.04%.
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The exclusion of the first case for the inexperienced rater, due to a potential
learning effect, strengthens the argument that the observed efficiency gain was
attributed to Al assistance rather than improvements in performance through
practice alone. To further detect any learning effect for the inexperienced rater,
the 110 cases were evaluated in two consecutive rounds. It was found that, even
after excluding the first case as an outlier in the first round of 53 cases, the
inexperienced rater was still significantly slower in the first round compared to the
second round of 57 cases. Notably, when supported by the Al tool, the
inexperienced rater was faster in the second round than in the first as well, though
this difference did not reach statistical significance. Additionally, the effect size of
the Al tool in the second round was smaller than in the first round, which may
suggest the presence of a learning effect. This is particularly relevant, as the
evaluation in each round with Al support was conducted after the evaluation
without Al.

Ultimately, the Al-based tool demonstrated a beneficial effect on both
experienced and inexperienced raters in terms of reducing evaluation time.
However, this reduction in time may not be as pronounced for raters without prior
radiological experience as the overall improvement seen in the inexperienced
rater might suggest. The real-world effect is likely closer to the size observed in
the second round, indicating that while the tool is effective for both groups, its

impact may diminish as raters gain more experience with its use.

Multiple previous studies align with our findings. Galletto Pregliasco et al.
(Galletto Pregliasco et al. 2018) reported a significant reduction in reading times,
decreasing from 192 seconds per case with conventional evaluation to 106
seconds, including processing time, when using automated MRI co-registration.
Similarly, Van Hecke et al. (van Hecke et al. 2021) observed that Al-assisted
radiological reporting shortened evaluation duration from 07:28 minutes to 05:49
minutes, improving efficiency and enabling approximately 13 reports per hour
compared to 8 with traditional methods, a 40% increase. Rathmann et al.
(Rathmann et al. 2024) showed a reduction in assessment time by 210 seconds
with machine learning, along with a more consistent distribution of examination

times. Peters et al. (Peters et al. 2024) found that Al-supported image analysis
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significantly reduced reporting time, with benefits depending on radiologist
experience. The reporting time for the lesion load assessment dropped from
286.85 to 196.34 seconds (p > 0.001), and for follow-up scans from 196.17 to
120.87 seconds (p < 0.001). Sieber et al. (Sieber et al. 2024) reported a
statistically significant average reduction of 2.83 minutes in the reading times of
resident radiologists per MS-MRI evaluation. Likewise, Combés et al. (Combeés
et al. 2021) observed a substantial decrease of 02:45 minutes in reporting times

with the use of Al tools.

One possible explanation for the significantly shorter evaluation times is that Al-
assisted tools highlight lesion changes, allowing radiologists to filter out
unchanged lesions and instead focus on newly developed or enlarged lesions
(Cabezas et al. 2016). Incorporating ML software into the MS MRI workflow may
enhance decision-making by guiding attention to critical areas, thereby making

manual assessment more efficient (Rathmann et al. 2024).

Our study offers valuable evidence that Al-based decision support can save time
for neuroradiologists and healthcare personnel without prior radiological
experience. As radiological workloads increase, these time savings can be
allocated to tasks where Al assistance is not yet available (Sieber et al. 2024;
Waller et al. 2022).

5.5 Implementation of Al-based assistance in clinical routine and
associated costs

The integration of Al-based tools into clinical routine remains a key challenge in
neuroradiological imaging, particularly regarding their practical applicability in
daily workflows. Our study demonstrated that an Al-based program can improve
the efficiency of evaluating MRI data in MS patients by accelerating the
assessment of disease progression. However, it has not yet been tested in
routine clinical practice. Therefore, further research is essential to determine how
well this tool integrates into the clinical workflow and whether it offers a

meaningful advantage in routine practice.
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One of the main challenges in clinical routine is the increasing workload combined
with limited personnel resources (Rathmann et al. 2024; Peters et al. 2024). Our
study provides strong evidence that Al-based tools can effectively address this
issue by significantly accelerating the evaluation of MRI data in MS patients and
reinforces the potential of Al to enhance diagnostic efficiency while maintaining
high-quality assessments. Therefore, the use of Al could enable radiologists to
dedicate more time to essential tasks such as interpreting results, coordinating
examinations, or engaging in research (Sieber et al. 2024; Waller et al. 2022).
Furthermore, our results highlight that Al solutions can increase patient
throughput by allowing more examinations to be conducted within the same
timeframe. This not only supports overburdened radiology departments but also
strengthens the economic justification for Al integration in clinical practice
(Rathmann et al. 2024), making it a valuable tool for optimizing healthcare

resource management.

Although Al-based tools offer promising benefits, a considerable gap remains
between their development and actual implementation in clinical practice, as few
studies have integrated them into clinical workflows, and even fewer have
evaluated their application in clinical settings (Spagnolo et al. 2023). To date,
there is no consistent evidence which supports the successful and widespread
adoption of Al in clinical neuroradiology (Barnett et al. 2023; Bonacchi et al.
2022).

However, some studies demonstrate promising results. Van Hecke et al. (van
Hecke et al. 2021) tested the icobrain ms software, an Al-based MRI analysis
tool, in clinical practice and found that it improved radiological workflow efficiency
by 40%, significantly reducing intra- and interrater variability. Similarly, Dahan et
al. (Dahan et al. 2019) reported that implementing semi-automated imaging
software in their department was largely seamless, with no significant increase in
picture archiving and communication system transfer times or data storage
requirements. Moreover, staff surveys indicated overwhelmingly positive

feedback regarding its integration into daily practice.
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Admittedly, the successful implementation of Al into clinical routine requires
extensive training, validation, and close cooperation between medical
professionals and Al specialists (Naji et al. 2023), a process that can be time-
consuming, complex and costly. Therefore, the implementation of Al in MS lesion
segmentation presents several financial challenges. Despite the potential
benefits, there is currently a lack of studies specifically addressing the expenses
involved in developing and implementing Al-based segmentation tools in clinical
practice (Pham et al. 2023; Winder et al. 2024), as most Al research on medical
imaging focuses on algorithm performance rather than healthcare costs and

patient outcomes.

A microsimulation study by Sima et al. (Sima et al. 2021) evaluated the health-
economic impact of Al-assisted treatment decisions in MS. Their findings indicate
that incorporating Al-supported MRI lesion assessment into clinical decision-
making could generate estimated savings of $2,155 per patient annually after 10
years and $2,267 after 15 years when MRI lesion and brain atrophy criteria are
added to conventional clinical assessments. However, these potential savings
must be weighted against MRI scan and radiological evaluation costs, which

range from $2,000 to $4,000 per year.

Although not directly related to MS imaging, an early health technology
assessment by Kicky G. van Leeuwen et al. (Kicky G. van Leeuwen et al.) on Al-
aided vessel occlusion detection in acute stroke provides insight into Al's
economic impact in neuroradiology. Their findings showed that Al-assisted
diagnosis reduced missed cases and therefore has the potential to improve
healthcare outcomes and lead to long-term cost savings. The cost-effectiveness
of Al was evaluated by comparing the per-use cost of Al analysis with the
projected reductions in future medical expenditures resulting from improved
clinical outcomes. However, a comprehensive financial assessment should also
consider initial investments in software and infrastructure, ongoing operational

costs and training expenses (Wolff et al. 2020).

Despite increasing research on Al in radiology, a key challenge remains the lack
of high-quality literature confirming that Al-based segmentation tools justify the
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financial risk (Winder et al. 2024). Without clear evidence, healthcare providers

may hesitate to invest in Al integration despite its potential benefits.

Overall, while Al-based tools show potential for improving efficiency and
diagnostic consistency, their full integration into clinical routine remains an
ongoing challenge. The limited number of real-world studies highlights the need
for further research to validate their reliability and effectiveness. For Al-based
lesion segmentation tools to be effectively applied, they must seamlessly
integrate with existing clinical workflows and handle MRI data from different
sources without preprocessing. Future research should prioritize the
development of Al solutions that seamlessly integrate into existing workflows

while ensuring user acceptance, clinical utility, and cost-effectiveness.

5.6 Limitations
This study has several limitations that should be considered when interpreting the

results.

First, the study was conducted under controlled conditions without the time and
cost pressures typically present in clinical practice. The absence of these external
pressures in our study setting may have led to a more thorough assessment of
the MRI images for new or enlarged lesions, potentially resulting in higher
sensitivity and better interrater reliability than what might be observed in routine
clinical practice. This consideration is particularly relevant for the inexperienced
rater, as the experienced raters performed the assessment in addition to their
regular clinical duties. This circumstance may have also contributed to their

relatively low performance compared to other studies.

Additionally, the MRI data was acquired from different scanners, which reflects
clinical reality. However, only two different scanner types with 3T field strengths
were used, making it unclear whether the findings can be generalized to a
broader range of MRI systems with varying field strengths and acquisition
protocols. This is particularly relevant given that higher magnetic field strengths

have been shown to improve the detection of progressive MS lesions (Filippi et
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al. 1995). Consequently, the use of different MRI scanners may have influenced

the study results in terms of sensitivity and interrater variability.

Furthermore, the side-by-side comparison of MRI data for detecting progressive
MS lesions was performed only on FLAIR and T1w images, as these sequences
are commonly used in clinical practice for lesion identification and monitoring
(Gramsch et al. 2015; Roy et al. 2018). However, other MRI sequences, such as
T2w or PDw scans, may provide additional diagnostic information and influence
lesion detectability (Simon et al. 2006). As a result, our findings may not be
applicable to differently weighted images, which could potentially impact

sensitivity and interrater variability.

Another potential limitation is that not all raters evaluated the MRI images on the
same monitor, which means that variations in display quality could have
influenced lesion detection and segmentation performance. Since subtle
differences in image presentation can impact the visibility of lesions, particularly
smaller or less well-defined ones, this variability may have contributed to
differences in sensitivity and interrater reliability. However, this also reflects real-
world clinical practice, when radiologists often work with different display

systems.

Besides that, the volumetric assessment performed in 3D Slicer, the software
used for measuring lesion volumes, is not completely objective and is further
influenced by the slice thickness of the MRI scans (Filippi et al. 1995). These
factors may introduce variability among raters, particularly when segmenting new
or enlarged MS lesions. Nonetheless, this variability is also representative of real-
world clinical practice, where differences between raters are frequently observed,
as lesion segmentation remains a subjective process (Altay et al. 2013; Egger et
al. 2017).

Another limitation of this study is the variation in the cut-off values used to define
a progressive lesion across different methods. For the Al tool, a lesion was
considered progressive if there was a 30% increase in volume compared to the
previous MRI scan, while in the side-by-side comparison, a 50% increase in

volume was required for a lesion to be classified as progressive. Additionally, the
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ground truth was established through a purely visual comparison by the
neuroradiologist with 16 years of experience. As a result, a lesion with a 40%
volume increase according to the volumetric assessment in 3D Slicer was
considered progressive, potentially leading to discrepancies between the
methods used to classify lesion progression. These varying thresholds could
impact the consistency and reliability of the results when comparing the
effectiveness of the manual assessment with the evaluation supported by the Al

tool.

Moreover, blinding to the use of Al support was not possible, as raters were
aware of whether they were utilizing Al assistance. This introduces the potential
concern that Al-supported evaluations may have been performed more quickly
simply due to the knowledge of Al involvement. However, despite the faster
evaluation times, there was no significant reduction in the quality of progressive
lesion detection. This suggests that the reduced evaluation time was not solely a
result of the perceived efficiency gain associated with the use of Al support.

Nonetheless, this effect cannot be ruled out definitively.

For the inexperienced rater, the observed reduction in evaluation time with Al
support could also, in part, be attributed to a learning effect rather than Al
assistance alone. While the first case was excluded from the evaluation of
assessment time to minimize a potential learning effect, it cannot be excluded
that learning still influenced the evaluation duration. Additionally, the splitting of
the evaluations in two rounds revealed that, despite the exclusion of the first case,
the inexperienced rater remained slower in the first round compared to the
second, although the difference was not statistically significant with Al support.
Thus, while use of the Al tool improved evaluation duration, the reduction in time
may not be as pronounced for raters without prior radiological experience as
suggested by the overall reduction in evaluation duration for the inexperienced
rater but is likely closer to the effect observed in the second round. Future studies
could address this limitation by implementing an alternative evaluation design, in
which Al-assisted analysis is performed both prior to and following conventional

side-by-side comparison.
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Lastly, the rater cohort in this study was relatively small, consisting of two
experienced and one inexperienced rater, which may not fully represent the
diversity of expertise typically found in clinical practice. Additionally, the study
population included only 110 cases, which may not be large enough to account

for the full range of variability seen in real-world clinical settings.

Despite these limitations, this study provides valuable insights into the impact of
Al-assisted lesion segmentation among raters with different levels of
neuroradiological experience. Future studies with a more diverse range of
scanner types, a larger rater cohort with varying expertise, and a larger patient
population under real clinical conditions will be necessary to further validate our

findings.

5.7 Conclusion

In conclusion, the results of our study suggest that Al-assisted MRI lesion
detection offers significant potential to enhance the efficiency of assessing
disease activity in MS patients. The integration of Al can reduce evaluation time
without compromising the detection of progressive cases, regardless of the
evaluator’s radiological experience. This is especially important given the growing
workload in radiology departments, where Al-based automation could contribute
to optimizing resource allocation (Waller et al. 2022; Sieber et al. 2024). Our
results underscore the considerable potential of integrating Al-based tools into
clinical practice for the assessment of disease activity in MS patients, highlighting
their capacity to provide both rapid and accurate assessments, even for junior

physicians without prior neuroradiological experience.
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6 Summary

MS is a chronic neurodegenerative disease which causes focal lesions in the
CNS, leading to gradual disability (Steinman 1996; Compston and Coles 2008).
Cranial MRI plays a crucial role in its diagnosis and monitoring of disease activity
by assessing lesion load and identifying new or enlarged lesions (Polman et al.
2011; Filippi et al. 2018). In clinical practice, lesion progression is typically
evaluated through side-by-side comparison of sequential MRI scans, a method
that is both time-consuming and prone to errors (Altay et al. 2013; Egger et al.
2017). Therefore, automated detection systems to enhance efficiency and

diagnostic accuracy are highly desirable.

This study investigated the impact of Al-assisted MS lesion detection on the
evaluation of MRI scans by raters with different levels of radiological experience.
The study was conducted by three raters, two experienced neuroradiologists (16
and 8 years of experience) and one inexperienced medical student. Each rater
assessed the data manually and with Al software (AIRAscore) to identify new or
enlarged lesions. The results indicated that Al-support improved sensitivity, PPV,
and F1 scores at the lesion level for both experienced and inexperienced raters.
However, no statistically significant improvement was observed in the
classification of disease progression at the case level. Interestingly, the
inexperienced rater consistently demonstrated higher sensitivity and NPV than

the experienced rater, both with and without Al assistance.

One of the key advantages of Al-based assessment was the reduction in
evaluation time. The use of the automated tool resulted in a time reduction from
05:15 minutes to 03:14 minutes per case for the experienced raters and a
statistically significant decrease for the inexperienced rater, from 14:31 minutes
per case to 07:50 minutes. Additionally, interrater reliability improved with
automated assistance, suggesting that Al tools can enhance consistency in
lesion detection and classification, even when no substantial gains in diagnostic

accuracy are observed.

Looking ahead, Al-assisted MRI lesion detection holds great potential for

enhancing the efficiency of the assessments by reducing the evaluation time
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without compromising the detection rate of progressive cases, regardless of the
evaluator’s prior radiological experience. This efficiency gain is particularly
relevant given the increasing workload in radiology departments (Peters et al.
2024), where Al-driven automation could help optimize resource allocation and
allow neuroradiologists to focus on more complex diagnostic and therapeutic
decisions (Sieber et al. 2024; Waller et al. 2022).

However, despite the promising benefits, the widespread clinical adoption of Al-
assisted MS lesion detection faces several challenges. The costs associated with
Al implementation, including software acquisition, infrastructure requirements
and training (Wolff et al. 2020), must be carefully weighted against the time
savings and potential improvements in diagnostic consistency and the option for
quicker therapeutic adjustments resulting from earlier detection of progressive

disease courses (Weiner 2009).

Future research should focus on validating the clinical utility of Al tools in real-
world settings, ensuring seamless integration into existing workflows, and
assessing their long-term cost-effectiveness. As Al technology continues to
evolve, its role in neuroradiology is expected to grow, with the potential to improve
patient care by enabling faster, more standardized, and more reliable disease
monitoring (Bonacchi et al. 2022). The results of our study support the potential
benefits of implementing Al-based tools for the assessment of disease activity in
patients with MS, demonstrating efficacy not only for experienced
neuroradiologists but also for junior physicians without prior neuroradiological

experience early in their specialist training.
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7 Deutsche Zusammenfassung

Multiple Sklerose ist eine chronische neurodegenerative Erkrankung, die fokale
Lasionen im zentralen Nervensystem verursacht und zu schrittweiser
Behinderung flihren kann (Steinman 1996; Compston und Coles 2008). Die
cerebrale MRT-Bildgebung spielt eine entscheidende Rolle bei der Diagnose und
der Uberwachung der Krankheitsaktivitat, indem anhand dieser die Lasionslast
bewertet wird und neue oder vergrolRerte Lasionen identifiziert werden kdnnen
(Polman et al. 2011; Filippi et al. 2018). In der klinischen Praxis wird das Auftreten
progredienter Lasionen typischerweise durch den Vergleich von zeitlich
aufeinanderfolgenden MRT-Bildern bewertet, was sowohl zeitaufwandig als auch
fehleranfallig ist (Altay et al. 2013; Egger et al. 2017). Daher sind automatisierte
Erkennungssysteme zur Steigerung der Effizienz und diagnostischen

Genauigkeit winschenswert.

Diese Studie untersuchte den Einfluss der durch kinstliche Intelligenz (KI)
unterstitzten MS-Lasionserkennung auf die Bewertung einer maoglichen
Krankheitsprogredienz anhand von MRT-Scans durch Auswertende mit
unterschiedlicher radiologischer Vorerfahrung. Die Studie wurde von drei Ratern
durchgefuhrt: zwei Neuroradiologen (16 und 8 Jahre Erfahrung) und einer
Medizinstudentin ohne radiologische Vorerfahrung. Jeder Beurteilende
bewertete die Daten manuell und mit Unterstlitzung durch eine Kl-Software
(AIRAscore), um neue oder vergrolRerte Lasionen zu identifizieren. Die
Ergebnisse zeigten, dass mit Kl-Unterstitzung die Sensitivitat, der positive
pradiktive Wert und der F1-Wert auf Lasionsebene sowohl fur die erfahrenen als
auch fur den unerfahrenen Rater verbessert wurden. Es wurde jedoch keine
statistisch  signifikante ~ Verbesserung flir die Klassifikation des
Erkrankungsfortschritts auf der Fall-Ebene beobachtet. Interessanterweise
zeigte die Medizinstudentin ohne radiologische Vorerfahrung sowohl mit als auch
ohne Kl-Unterstitzung eine konsequent héhere Sensitivitat und einen hdéheren

negativen pradiktiven Wert als die erfahrenen Rater.

Ein wesentlicher Vorteil der Kl-gestutzten Auswertung war die Reduktion der

Bewertungszeit. Der Einsatz des automatisierten Programms flhrte zu einer
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Zeitreduktion von 05:15 Minuten auf 03:14 Minuten pro Fall fur die erfahrenen
Rater und einer statistisch signifikanten Verringerung von 14:31 Minuten pro Fall
auf 07:50 Minuten far den unerfahrenen Rater. Dartber hinaus verbesserte sich
die Interrater-Reliabilitat mit automatisierter Unterstitzung, was darauf hindeutet,
dass der Einsatz von Kl die Lasionserkennung und -klassifikation verbessern
kann, selbst wenn keine wesentliche Verbesserung in der diagnostischen

Genauigkeit auf Fallebene beobachtet werden konnte.

Blickt man in die Zukunft, so bietet die Kl-unterstitzte MRT-Lasionserkennung
groles Potenzial zur Effizienzsteigerung, indem mit Kl die Auswertungszeit
verkirzt werden kann, ohne die Erkennungsrater progressiver Falle zu
beeintrachtigen — unabhangig von der radiologischen Erfahrung des
Auswertenden. Dieser Effizienzgewinn ist besonders relevant angesichts der
zunehmenden Arbeitsbelastung in radiologischen Abteilungen (Peters et al.
2024), in denen der Einsatz von KI dazu beitragen konnte, die
Ressourcenverteilung zu optimieren und er Neuroradiologen zu ermdglichen,
sich auf komplexere diagnostische und therapeutische Entscheidungen zu
konzentrieren (Sieber et al. 2024; Waller et al. 2022).

Trotz der vielversprechenden Vorteile stehen der breiten klinischen Einfihrung
der Kl-unterstlitzen MS-Lasionserkennung mehrere Herausforderungen
gegenuber. Die mit der Implementierung von KI verbundenen Kosten,
einschlieBlich Softwareerwerb, Infrastrukturanforderungen und Schulungen
(Wolff et al. 2020), mUssen sorgfaltig gegen die Zeitersparnisse und potenziellen
Verbesserungen der diagnostischen Bestandigkeit sowie die Moglichkeit einer
schnelleren therapeutischen Anpassung durch friihere Erkennung progressiver

Krankheitsverlaufe (Weiner 2009) abgewogen werden.

Zukunftige Forschung sollte sich darauf konzentrieren, den Nutzen von Kil-
Instrumenten im realen klinischen Setting zu validieren, ihre nahtlose Integration
in bestehende Arbeitsablaufe sicherzustellen und ihre langfristige Kosteneffizienz
zu bewerten. Da sich die Kl-Technologie weiterhin entwickelt, wird ihre Rolle in
der Neuroradiologie voraussichtlich wachsen. Hieraus ergibt sich das Potenzial,

die Patientenversorgung zu verbessern, indem der Einsatz von Kl eine
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schnellere, standardisierte und zuverlassigere Krankheitsuberwachung
ermdglicht (Bonacchi et al. 2022). Die Ergebnisse unserer Studie unterstitzen
die potenziellen Vorteile des Einsatzes von Kl-basierten Instrumenten zur
Beurteilung der Krankheitsaktivitat bei Patienten mit MS und zeige dies sowohl
fur erfahrene Neuroradiologen als auch fir junge Arzte ohne vorherige

neuroradiologische Erfahrung zu Beginn ihrer Facharztausbildung.
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