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Metachromatic leukodystrophy (MLD) is a rare, autosomal recessive lysosomal storage disease. Deficient activity
of arylsulfatase A causes sulfatides to accumulate in cells of different tissues, including those in the central and
peripheral nervous systems, leading to progressive demyelination and neurodegeneration. Although there is

In Slha.) some association between specific arylsulfatase A alleles and disease severity, genotype-phenotype correlations
Modeling . . > ‘ - ! y !

Demyelination are not fully understood. We aimed to identify biomarker candidates of early tissue damage in MLD using a
Biomarker modeling approach based on systems biology. A review of the literature was performed in an initial disease

characterization step, allowing identification of pathophysiological processes involved in MLD and proteins
relating to these processes. Three mathematical models were generated to simulate different stages of MLD at the
molecular level: an early pro-inflammatory stage model (including only processes considered to be active in the
early stages of disease), a pre-demyelination stage model (including additional processes that are active after
some disease progression), and a demyelination stage model (in which all pathophysiological processes are
active). The models evaluated 3457 proteins of interest, individually and by pairs through data mining tech-
niques, applying five filters to prioritize biomarkers that could differentiate between the models. Sixteen po-
tential biomarkers were identified, including effectors relating to mitochondrial dysfunction, remyelination, and
neurodegeneration. The findings were corroborated in a gene expression data set from T lymphocytes of patients
with MLD; all candidates formed combinations that were able to distinguish patients with MLD from controls,
and all but one candidate distinguished late-infantile MLD from juvenile MLD as part of a combinatorial
biomarker pair. In particular, pro-neuregulin-1 appeared as differential on all comparisons (patients with MLD vs
controls and within clinical subtypes); casein kinase II subunit alpha was detected as a potential individual
marker within clinical subtypes. These findings provide a panel of biomarker candidates suitable for experi-
mental validation and highlight the utility of mathematical models to identify biomarker candidates of early
tissue damage in MLD with a high degree of accuracy and sensitivity.

1. Introduction

Metachromatic leukodystrophy (MLD; OMIM 250100 and 249900) is
a rare, autosomal recessive lysosomal storage disease caused by patho-
genic variants in the arylsulfatase A gene (ARSA) or prosaposin gene [1].
Deficient activity of arylsulfatase A (ASA; EC 3.1.6.8) causes sulfatides
to accumulate in the cells of different tissues, including those in the
central and peripheral nervous systems, leading to progressive

demyelination and deterioration of gross motor function [1,2].

MLD is generally classified into three subtypes depending on the age
of onset of the first signs and symptoms [3]: late-infantile (age at onset:
<2.5 years), juvenile (age at onset: 2.5-<16 years), and adult (age at
onset: >16 years). The juvenile subtype has been further divided into
early-juvenile MLD (age at onset: 2.5-<6 years) and late-juvenile MLD
(age at onset: 6-<16 years) [4]. Late-infantile MLD accounts for 50-60%
of cases and is the most rapidly progressing subtype; death typically
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occurs in the 5 years from symptom onset [5].

In the absence of specific treatment, the therapeutic approach to date
has been based on the treatment of comorbidities generated by the
disease. Allogeneic hematopoietic stem cell transplantation has been
performed in some patients with MLD, where guidelines exist for
determining candidates for the juvenile and adult subtypes [6]. How-
ever, the clinical benefit is unclear for patients with late-infantile MLD
or those patients who already present with a more advanced stage of the
disease [5,7]. Autologous hematopoietic stem cell gene therapy with
atidarsagene autotemcel (Libmeldy, Orchard Therapeutics) has been
approved in some regions for the treatment of presymptomatic patients
with late-infantile or early-juvenile MLD, or early-symptomatic patients
with early-juvenile MLD [8,9]. However, successful diagnosis of MLD in
presymptomatic patients relies on newborn screening programs, which,
despite having been shown to be feasible in real-world scenarios
[10,11], still face significant implementation challenges, with timelines
spanning up to 12 years in some countries [12]. In practice, although
sulfatide accumulation begins at birth and neurological signs of brain
tissue damage are evident before symptom onset [13], patients typically
meet early developmental milestones but then enter a phase of stagna-
tion before the presentation of motor symptoms [14,15]. Therefore,
delays in diagnosis until after symptom onset could restrict treatment
options for patients [8,16,17]. There are no approved treatments for
late-infantile MLD in symptomatic patients, but intrathecally delivered
recombinant human ASA is being investigated for the treatment of
symptomatic patients with late-infantile MLD in a phase 2 study
(NCT03771898). Therefore, early diagnosis and prediction of likely
disease course for MLD are imperative [18].

With advancing therapeutic options, there is an increased need to
identify easily accessible biomarkers that reflect the disease progression
and monitor the treatment course [19]. Although there is some associa-
tion between specific ARSA alleles and disease severity [1,14,20,21],
genotype-phenotype correlations are not fully established. For instance,
although ASA values below 1% of residual activity and biallelic protein-
truncating ARSA variants are highly predictive of an early disease onset
and rapid progression, high residual enzyme activity does not exclude an
early onset, and ARSA variants with the same residual enzyme activity
may have different effects [21]. Current biomarkers for MLD include
white matter hyperintensities on T2-weighted magnetic resonance im-
aging (MRI) [22] and urine sulfatide levels [23]. These are used diag-
nostically [5], but their utility as markers of disease progression or
phenotype is less clear: reports of T2-pseudonormalization complicate
the use of MRI to monitor disease progression [24], and there is little
evidence to suggest that urine sulfatide levels can distinguish between
MLD subtypes [25]. Cerebrospinal fluid (CSF) sulfatide levels have also
failed to show correlations with clinical signs of decreasing motor func-
tion [26]. Levels of cytokines in the CSF and urine N-acetylaspartate
levels have also been shown to differentiate between patients with MLD
and controls [19,27], but their utility for differentiating subtypes is un-
certain given the small sample sizes employed in these studies. High
levels of neurofilament light chain (NfL) at diagnosis have been associ-
ated with rapid disease progression in late-infantile and early-juvenile
MLD [28]; however, the ability of NfL to predict disease course early is
unknown. In addition, disease-specific scales for monitoring motor
function decline in MLD, such as the Gross Motor Function Classification
in MLD, do not typically allow for monitoring of more subtle changes in
disease progression within their predefined levels; moreover, they are
based on the ability to walk, so they are only applicable from the age of 18
months [29]. This leaves a gap in the ability to monitor the disease before
symptom onset, or to monitor the very early stages of disease. Together,
these factors present challenges for the early prediction of likely disease
course and, consequently, for appropriate disease management.

Systems biology methods are being implemented to help to under-
stand the molecular identifiers of certain disease states and to aid drug
discovery [30-33]. The Therapeutic Performance Mapping System
(TPMS) technology (Anaxomics Biotech, Barcelona, Spain) [34,35] uses
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pattern recognition and artificial intelligence techniques to integrate
available biological, pharmacological, and medical knowledge to create
mathematical models that simulate disease phenotypes in silico [32]. The
models build a complex network of proteins and their known biochemical
relationships to map how changes in the system (e.g., a disease, or
treatment with a drug) can result in signal alterations, protein activity
changes, and differential outcomes [34,35]. Therefore, in silico modeling
offers an approach that may help to identify new protein biomarker
candidates indicative of early tissue damage in MLD. TPMS has been used
in both biomarker [30,33] and drug discovery [31,32] in a number of
disease areas, with some validation in clinical settings [33,36].

We aimed to create systems biology-based MLD models to allow for
the proposal of a panel of potential biomarkers that may assist in the
prediction of early tissue damage in MLD and subsequent follow-up.
These biomarkers would be considered candidates for future clinical
validation in presymptomatic patients or in different clinical subtypes.

2. Material and methods

TPMS is a tool that creates mathematical models of the protein
pathways underlying a drug mechanism of action or a disease process to
explain a clinical outcome or phenotype [34,35]. Models were built using
TPMS technology for different pathophysiological stages of MLD, asso-
ciating demyelination processes with the most advanced model stages.

2.1. Disease characterization of MLD

Scientific literature searches on the molecular pathogenesis and
pathophysiology of MLD were performed to identify the main patho-
physiological processes involved during tissue damage in MLD (Sup-
plementary Table S1). Publications were also reviewed to identify
protein or gene candidates with activity (or lack thereof) functionally
associated with a particular pathophysiological MLD process; these
protein or gene candidates were termed ‘condition effectors’.

A data compilation step was attempted whereby gene expression
data from patients with MLD, patients with other leukodystrophies with
a similar age at symptom onset (<30 months; Supplementary Table S2),
and patients with multiple sclerosis (MS) were compiled. One data set
from patients with MLD and four data sets from patients with MS were
found through a search of publicly available repositories [37-39]. No
data on patients with other leukodystrophies were available. However,
information was insufficient to define each disease stage at the molec-
ular level. Therefore, these five data sets from patients with MLD and
patients with MS were instead used later in the process to corroborate
the biomarker candidates identified through the mathematical models.

2.2. Generation of mathematical models

After disease characterization, a human protein-protein interaction
network was created to generate mathematical models [35]. Then, a
selection of known pathophysiological input—output signals (namely
drug-indication and drug-adverse drug reaction relationships) were
collated as a training set and used to train the models (Supplementary
Table S3). The training set was based on a collection of different bio-
logical and clinical databases, which provided the information for the
input-output relationships. The biological effectors database was used
to extract information that related biological processes to their molec-
ular effectors. Information gathered during the molecular disease
characterization step through scientific literature searches was also
added to the training set.

TPMS was then used to model pathophysiological input-output re-
lationships, considering their protein-based definition. TPMS applied a
multilayer perceptron-like and sampling strategy to find all biologically
plausible solutions and to prioritize those more relevant mathematically,
generating a universe of possible mechanistic solutions (called virtual
patients). TPMS generated a population of 1500 virtual patients with
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MLD. The top 20 MLD effectors that trigger the modulation of the rest of
the MLD effectors were labeled as input, and all identified effectors of
MLD (except those from the ‘deficiency of ASA’ process) as output. Using
information obtained during disease characterization, three stages of
early pathological tissue changes in MLD were defined by whether pro-
cesses involved in MLD were activated or inhibited. Three models were
generated to represent these three stages: early pro-inflammatory, pre-
demyelination, and demyelination (Fig. 1). The predicted protein activity
was used to obtain the TSignal (the average signal arriving at the protein
effectors) [35], a model-derived measure of protein set definitions (e.g.,
MLD pathophysiological processes). This TSignal was used to evaluate
the models for each MLD process for each of the 1500 virtual patients,
providing estimates of interindividual and inter-process variability. The
final models had to be able to reproduce a TSignal >0 between input and
output, and to reach correctly half of the effector proteins that made up
the output. The population of virtual patients was divided into quartiles
according to the TSignal obtained for each MLD process. This division was
used to set activation and inhibition thresholds for each process, with
activated processes defined as those with a TSignal in the top quartile, and
inhibited processes defined as those with a signal in the bottom quartile.
After setting the activation and inhibition thresholds for each process of
interest, a compendium of 250 mathematical solutions was generated for
each stage model using the same input-output settings but restricting the
activated/inhibited processes to be within the TSignals thresholds. These
models provided a view of optimized paths between input and output
protein sets in each stage model.

The mathematical models were not generated on specific data on
clinical subtypes or disease over time, but represent a theoretical
framework of MLD based on the available literature output from the
disease characterization step. As such, they do not simulate different
phases of the disease over time or the separate clinical subtypes of MLD,
but rather the order of appearance of each group of molecular patho-
physiological processes involved during early (presymptomatic) tissue
damage in MLD as defined in the literature.

~
Processes active
before demyelination
~ » Mitochondrial dysfunction >
* Loss of barrier integrity
Processes active during early,
presymptomatic stages
* Inflammatory response
* Perturbation of calcium signaling Early
o Mireefis e MR pro-inflammatory
paired autophagic functiol romah
* ER stress and unfolded
protein response
« Alterations in myelin structure
« Alterations in lipid trafficking
« Metallothioneins overexpression
J

Deficiency of ASA
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2.3. Identification of biomarker candidates

The protein activity levels predicted by the models were explored
using data mining techniques, as previously described [35], to identify
biomarker candidates of early tissue damage. The following compari-
sons were made: early pro-inflammatory stage versus pre-demyelination
stage; pre-demyelination stage versus demyelination stage; and early
pro-inflammatory stage versus demyelination stage. Potential classifiers
based on one or two proteins were evaluated.

The resulting biomarker candidates generated from the mathemat-
ical models were then narrowed based on four filters, taking into
account:

1. statistical significance (according to cross-validated p values <0.05
by the 10 K-fold) to discern the generated mathematical model so-
lutions with cross-validated accuracy >70% (filter 1)

2. cross-validated sensitivity >70%, or cross-validated sensitivity
>65%, and cross-validated specificity >65% (filter 2)

3. biological significance; candidates with no biological significance
were discarded (filter 3)

4. ease of measurement; only those located on the cell membrane,
secreted in the blood and/or urine, or previously detected as po-
tential markers in peripheral blood mononuclear cells (PBMCs) for
diseases involving the brain [40-42] were retained (filter 4).

A final filter was added after the biomarker candidate corroboration
process was conducted (see Section 2.4). In particular, biomarker can-
didates whose expression levels showed statistically significant differ-
ences in gene expression data from patients were retained.

2.4. Biomarker candidate corroboration

A gene expression data set from T lymphocytes of patients with MLD
from the National Center for Biotechnology Information (NCBI) Gene

~N

All pathophysiological
processes active

+ Oxidative stress Demyelination

* Demyelination and stage model

neurodegeneration

* Remyelination

Fig. 1. Progressive activation of early pathological processes identified in the disease characterization step, and how these processes relate to the three mathematical

models.
ASA, arylsulfatase A; ER, endoplasmic reticulum.
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Expression Omnibus [43] (accession number GSE23350; https://www.
ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE23350;  Supplementary
Table S4) was used in this study to corroborate the model-derived
candidates. This data set contained T-lymphocyte samples from 24 pa-
tients with MLD; details of their clinical characteristics can be found in
Supplementary Table S5. Given that MLD is a rare genetic disease, there
are limited data upon which to build mathematical models and to
corroborate any potential classifiers. As such, we conducted a comple-
mentary corroboration analysis on data from patients with MS, a
demyelinating condition that partially overlaps in disease pathology
with MLD [44]. In total, four data sets from patients with MS were used:
three of these were from the ArrayExpress functional genomics database
[45,46] (https://www.ebi.ac.uk/arrayexpress/; E-MTAB-2374, E-
MTAB-4890, E-MTAB-5151; Supplementary Table S4) and one used a
gene expression data set from the NCBI Gene Expression Omnibus [47]
(accession number GSE136411; http://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE136411; Supplementary Table S4).

‘ Disease characterization of MLD

Molecular Genetics and Metabolism Reports 35 (2023) 100974

Data sets from patients with MS and the data set from patients with
MLD were analyzed independently and used to: 1) determine whether
the biomarker candidates identified through the mathematical models
were differentially expressed in the patients’ data sets; 2) check if the
biomarker candidates could also be detected as both individual bio-
markers and combinatorial pairs by applying data mining techniques to
the patients’ data; and 3) identify new potential candidates that were
not highlighted in the analyses of the models after applying the priori-
tization filters and that, combined with the model-derived candidates,
had a good classification potential. Patients with MLD were compared
with controls, healthy individuals matched for age and sex. Then, pa-
tients with late-infantile MLD were compared with two other patient
groups: the rest of the MLD population and patients with juvenile MLD.
Patients with relapsing-remitting MS (RRMS) were compared with pa-
tients with secondary progressive MS (SPMS).

We also used our models to evaluate the behavior of NfL, a protein
that has previously been explored as a potential biomarker in MLD.

A schematic of the machine learning process is shown in Fig. 2.

Review of literature to identify:
« pathophysiological processes

« proteins relating to processes.

° Generation of mathematical models

Different stages of MLD at the molecular level were simulated.

Early (pro-inflammatory) stage:
processes active in normal
developmental stages.

° Identification of prognostic biomarker candidates

Filter 1 Filters 1 + 2

44 individual
82 combinatorial

17 individual

37 combinatorial

MLD models were compared to identify biomarker candidates.
Four filters were applied to prioritize biomarkers.

Pre-demyelination stage:
additional processes active
before the demyelination stage.

Demyelination stage:
all pathophysiological processes active
during clinical manifestation of the disease.

Filters1+2 +3 All filters

15 individual 13 individual

28 combinatorial 16 combinatorial

° Biomarker candidate corroboration

Biomarker candidates checked against gene expression data set of T lymphocytes from patients with MLD.

Late-infantile MLD
« All other patients

* Juvenile MLD only

Vs

Patients with MLD Controls

Fig. 2. Steps involved in the identification of biomarker candidates for poor prognosis in MLD.

MLD, metachromatic leukodystrophy.
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3. Results
3.1. Disease characterization of MLD

The pathophysiological processes related to MLD and the proteins
related to these processes were identified in a disease characterization
process through a manual review of the scientific literature. Thirteen
pathophysiological processes were identified during this step (Table 1),
with a total of 198 unique condition effectors identified.

3.2. Generation of mathematical models and identification of biomarker
candidates

The 13 processes identified in the disease characterization step were
used to generate three models that simulated the pathophysiology of
MLD at different pathophysiological stages (Fig. 1). Each process iden-
tified in the disease characterization was classified into these models:
processes 2-8 were classified as active during the early pro-
inflammatory stage, processes 9 and 10 were additionally active dur-
ing the pre-demyelination stage, and all 13 processes were active during
the demyelination stage.

The mathematical models identified 3457 proteins of interest. These
proteins were evaluated both individually and as combinatorial pairs to
identify the most promising biomarker candidates. After applying the
five filters, 13 individual biomarkers and 16 combinatorial biomarker
pairs were identified as being potentially involved in early tissue dam-
age in MLD (see Table 2 for cross-validated accuracy, sensitivity, spec-
ificity, and p values). Notably, none of the individual biomarkers were
able to differentiate between the pre-demyelination stage and the
demyelination stage models (Supplementary Table S6).

All 16 biomarker candidates were found to be linked directly to at
least three MLD effectors according to the human protein—protein
interaction network. A graphical representation of this network con-
necting the MLD effectors and the 16 biomarker candidates is given in
Fig. 3. Furthermore, 10 of the 16 biomarker candidates were identified
as MLD effectors based on the disease characterization: five candidates
were effectors of mitochondrial dysfunction, four were effectors of
remyelination, and one was an effector of demyelination and neuro-
degeneration (Supplementary Table S6). An overview of the biomarker
candidates, their function, and their potential relationships with

Table 1
MLD processes, their effectors, and their order within the mathematical models.
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neurodegenerative diseases is provided in Supplementary Table S7.

We also found that most biomarkers were expected to be easily
measurable via relatively noninvasive procedures: two biomarkers were
secreted in blood, four were secreted in urine, and the remaining bio-
markers, with the exception of KLF2, HCFC1, and BCL2L11, were
measurable in blood or PBMCs, or were located in the cell membrane
(Supplementary Table S6).

NfL did not show high biomarker capabilities in the modeling anal-
ysis in relation to MLD (Table 3). In particular, cross-validated sensi-
tivity values were low. In comparison, biomarker candidates identified
by means of mathematical models all showed cross-validated sensitivity
values >65% and cross-validated accuracy values >70% (as defined by
prioritization filters; Table 2), indicating overall better classification
values than NfL.

3.3. Corroboration of biomarker candidates in the T-lymphocyte data set
from patients with MLD

A corroboration analysis of the biomarker candidates identified
through the mathematical models was conducted using the GSE23350 T-
lymphocyte data set from patients with MLD, and six out of the 16
biomarker candidates were differentially expressed in the data set
considering the following comparisons: patients with MLD versus con-
trols, late-infantile MLD versus the rest of the MLD population, and late-
infantile MLD versus juvenile MLD (Table 4); pro-neuregulin-1 (NRG1)
appears as differential on all three comparisons. As part of the corrob-
oration step, we performed a classification analysis using the expression
data to check the existing 16 candidates and to identify new potential
biomarker candidates. At the individual level, none of the candidates
presented classification potential with a cross-validated accuracy >70%
and a significant adjusted p value for the comparison between patients
with MLD and controls. However, for the comparisons of clinical sub-
types, the corroboration identified one of the 16 proteins, casein kinase
II subunit alpha (CK2 alpha), as a potential individual biomarker able to
distinguish late-infantile MLD from both juvenile MLD and the rest of
the MLD patient population in the data set.

We performed a further data mining analysis on the T-lymphocyte
data set to identify combinatorial pairs of biomarker candidates able to
distinguish: 1) patients with MLD from controls and 2) late-infantile
MLD from juvenile MLD and the rest of the MLD population,

Process name

Number of effectors Process order

Deficiency of ASA

Inflammatory response

Perturbation of calcium signaling
Impaired autophagic function

ER stress and unfolded protein response
Alterations in myelin structure
Alterations in lipid trafficking
Metallothioneins overexpression
Mitochondrial dysfunction

Loss of barrier integrity

Oxidative stress

Demyelination and neurodegeneration

Remyelination
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The processes are numbered according to their order of appearance in the course of tissue damage. The mathematical models do not simulate the disease over time or
the clinical subtypes of the disease. Note: ‘deficiency of ASA” was not considered in the modeling owing to difficulties in relating it mechanistically to the other MLD

processes.

ASA, arylsulfatase A; ER, endoplasmic reticulum; MLD, metachromatic leukodystrophy.
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Table 2

The evaluation of the 16 biomarker candidates for the identification of early tissue damage in MLD (as identified by mathematical models).
Protein name Cross-validated accuracy Cross-validated sensitivity Cross-validated specificity Cross-

(%) (%) (%) validated
p value
Peroxisome proliferator-activated receptor gamma coactivator 1- 78.8 82.8 74.8 < 0.001
alpha

Toll-interacting protein 78.8 74.0 83.6 < 0.001
Kriippel-like factor 2 76.2 79.6 72.8 < 0.001
Mitofusin-2 75.6 82.4 68.8 < 0.001
Transcription factor 4 73.2 71.2 75.2 < 0.001
Brain-derived neurotrophic factor 70.2 74.8 65.6 < 0.001
Host cell factor C1 70.2 72.4 68.0 < 0.001
UDP-N-acetylglucosamine-peptide N- 74.4 84.4 64.4 < 0.001

acetylglucosaminyltransferase
110 kDa subunit

Fatty acid-binding protein 5 73.4 68.4 78.4 < 0.001
Bcl-2-like protein 11 77.8 67.6 88.0 < 0.001
BCL2/adenovirus E1B 19 kDa protein-interacting protein 3 74.6 69.2 80.0 < 0.001
GTP-binding protein Rheb 72.8 66.8 78.8 < 0.001
Casein kinase II subunit alpha 70.6 74.8 66.4 < 0.001
Neurogenic locus notch homolog protein 1 79.8 84.4 75.2 < 0.001
Pro-neuregulin-1, membrane-bound isoform 80.6 85.2 76.0 < 0.001
Cytokine receptor-like factor 2 76.6 77.2 76.0 < 0.001

In the case of biomarkers found in different comparisons, the table shows the classification values for the highest-performing biomarker identified.
GTP, guanosine triphosphate; MLD, metachromatic leukodystrophy; UDP, uridine diphosphate.
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Fig. 3. Graphical representation of the protein network connecting MLD effectors and the 16 biomarker candidates, considering direct interactions of the human
protein network.

Built using Cytoscape software. Diamonds denote biomarker candidates; circles denote effector proteins; the fill color indicates the MLD process to which the effectors
belong.

Standard gene symbols have been used and full protein names can be found at https://www.uniprot.org/.

ER, endoplasmic reticulum; MLD, metachromatic leukodystrophy.
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Table 3
Evaluation of NfL as an individual biomarker of early tissue damage in MLD
according to mathematical models.

Model Cross- Cross- Cross- Cross-

comparison validated validated validated validated
accuracy sensitivity specificity p value
(%) (%) (%)

NfL  Pre- 54.60 36.80 72.40 0.018

demyelination

vs early pro-

inflammatory

Demyelination 60.20 43.20 77.20 8.66 x

vs early pro- 1077

inflammatory

Demyelination 59.00 27.60 90.40 1.38 x

Vs pre- 1077

demyelination

MLD, metachromatic leukodystrophy; NfL, neurofilament light chain.

considering at least one of the 16 biomarker candidates as part of the
combination. For comparison 1), all candidates were able to distinguish
patients with MLD from controls as part of combinatorial biomarker
pairs, with 88 combinatorial pairs identified in total. All 88 identified
pairs were formed by one of the 16 candidates together with one of
seven additional proteins (listed in Table 5). For comparison 2), 15 of the
16 biomarker candidates were able to distinguish late-infantile MLD
from juvenile MLD in the data set as part of combinatorial biomarker
pairs, with 33 combinatorial pairs identified in total. Only one
biomarker (brain-derived neurotrophic factor [BDNF]) was not corrob-
orated. All 33 identified pairs were formed by one of the 15 candidates
together with one of six additional proteins (listed in Table 6).
Furthermore, 13 of these combinatorial biomarker pairs exclusively
distinguished late-infantile MLD from juvenile MLD in the T-lymphocyte
data set.

Table 4
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3.4. Corroboration of biomarker candidates in data sets from patients
with MS

Results from the complementary corroboration of the 16 biomarker
candidates in data sets from patients with MS found differential
expression in PBMCs between patients with RRMS and those with SPMS
in one data set (E-MTAB-5151) for five of the 16 biomarkers, although
none were replicated in more than one data set (Table 4). Five of the 16
biomarkers (OGT, MFN2, HCFC1, BCL2L11, and RHEB) were identified
as individual biomarkers able to distinguish patients with RRMS from
those with SPMS, according to data from the E-MTAB-5151 data set.
However, none of the 16 biomarkers were identified as individual
markers able to distinguish between SPMS and RRMS in the other three
data sets.

As for the biomarker candidate corroboration with the MLD data set,
a data mining analysis was performed on the MS data sets to identify
combinatorial pairs of biomarker candidates able to distinguish between
SPMS and RRMS considering at least one of the 16 biomarker candidates
as part of the combination. Across the four data sets, 232 combinatorial
biomarker pairs were identified as able to distinguish between SPMS and
RRMS. All 16 biomarker candidates identified by mathematical models
were present as combinatorial biomarkers in each MS data set, except for
GSE136411, in which five of the 16 biomarkers were not found to be
part of any combinatorial biomarker pair. However, only 10 of the 232
combinatorial pairs were present in at least two different data sets.

4. Discussion

We aimed to propose a panel of potential biomarker candidates that
could be validated to assist in the prediction of early damage in MLD,
using systems biology-based modeling. Our mathematical models
identified 16 biomarker candidates; six of these candidates were
differentially expressed in at least one of the MLD data set comparisons,

Biomarker candidates involved in the identification of early tissue damage in MLD (as identified by mathematical models) and whether they were significantly
differentially expressed in patients with different subtypes of MLD and MS, respectively.

Protein name Gene name  Differential in data from patients with MLD Differential in data from patients with MS
GSE23350 GSE23350 GSE23350 E-MTAB- E-MTAB- E-MTAB- GSE136411
LI vs rest of MLD LI vs J MLD MLD vs control 2374 4890 5151 SPMS vs
(T lymphocytes) (T samples SPMS vs SPMS vs SPMS vs RRMS
lymphocytes) (T RRMS RRMS RRMS (PBMCs)
lymphocytes) (CSF cells) (PBMCs) (PBMCs)
Peroxisome proliferator-activated PPARGCIA X X X X X X -
receptor gamma coactivator 1-alpha
Toll-interacting protein TOLLIP X v X X X X X
Kriippel-like factor 2 KLF2 X X X X X X v/
Mitofusin-2 MFN2 X X X X X v X
Transcription factor 4 TCF4 X X X X X X X
Brain-derived neurotrophic factor BDNF X X X X X X -
Host cell factor C1 HCFC1 X X X X X v X
UDP-N-acetylglucosamine-peptide N- OGT X X X X X v X
acetylglucosaminyltransferase 110 kDa
subunit
Fatty acid-binding protein 5 FABP5 X X v X - X -
Bcl-2-like protein 11 BCL2L11 X X X X X v -
BCL2/adenovirus E1B 19 kDa protein- BNIP3 X X X X X X
interacting protein 3
GTP-binding protein Rheb RHEB v X X X X v X
Casein kinase II subunit alpha CSNK2A1 v v X X X X X
Neurogenic locus notch homolog protein ~ NOTCH1 v X X X X X X
1
Pro-neuregulin-1, membrane-bound NRG1 v v v X X X X
isoform
Cytokine receptor-like factor 2 CRLF2 X X X X X X -

Ticks indicate significant differences in marker expression between the cohorts. Crosses indicate no significant difference in marker expression between the cohorts.
Dashes indicate that no value for this protein was obtained either by the platform or by the protocol used to obtain the gene expression data.

CSF, cerebrospinal fluid; GTP, guanosine triphosphate; J, juvenile; LI, late-infantile; MLD, metachromatic leukodystrophy; MS, multiple sclerosis; PBMC, peripheral
blood mononuclear cell; RRMS, relapsing-remitting MS; SPMS, secondary progressive MS; UDP, uridine diphosphate.
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Table 5

Combinatorial biomarker pairs (consisting of model-identified candidates
combined with an additional protein) that distinguish patients with MLD from

controls in the T-lymphocyte data set.

Protein name

Gene name

Additional
protein
(gene name)

Bcl-2-like protein 11

Brain-derived neurotrophic factor

BCL2/adenovirus E1B 19 kDa protein-interacting
protein 3

Cytokine receptor-like factor 2

Casein kinase II subunit alpha

Fatty acid-binding protein 5

Host cell factor C1

Kriippel-like factor 2

Mitofusin-2

Neurogenic locus notch homolog protein 1

Pro-neuregulin-1, membrane-bound isoform

UDP-N-acetylglucosamine-peptide N-
acetylglucosaminyltransferase 110 kDa subunit

BCL2L11

BDNF

BNIP3

CRLF2

CSNK2A1

FABP5

HCFC1

KLF2

MFN2

NOTCH1

NRG1

OGT

AGK
F2RL1
DDX41
IL9
MS4A4A
F2RL1
DDX41
AGK
MS4A4A
IL9
ADGRG7
AGK
F2RL1
DDX41
IL9
PLEKHG5
MS4A4A
ADGRG7
AGK
F2RL1
IL9
DDX41
MS4A4A
ADGRG7
F2RL1
AGK

IL9
DDX41
MS4A4A
ADGRG7
AGK
F2RL1
DDX41
ADGRG7
MS4A4A
IL9
PLEKHG5
AGK
F2RL1
DDX41
MS4A4A
IL9
F2RL1
AGK
DDX41
IL9
MS4A4A
PLEKHG5
ADGRG7
AGK
F2RL1
DDX41
IL9
MS4A4A
AGK
F2RL1
IL9
DDX41
MS4A4A
F2RL1
AGK

IL9
DDX41
MS4A4A
F2RL1
AGK
DDX41
IL9
MS4A4A
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Table 5 (continued)

Protein name Gene name  Additional
protein
(gene name)

AGK
F2RL1
DDX41
Peroxisome proliferator-activated receptor gamma IL9
coactivator 1-alpha PPARGCIA  MS4A4A
AGK
IL9
F2RL1
DDX41
GTP-binding protein Rheb RHEB ADGRG7
F2RL1
AGK
IL9
Transcription factor 4 TCF4 DDX41
F2RL1
AGK
DDX41
IL9
Toll-interacting protein TOLLIP MS4A4A

Table 6

The 33 combinatorial biomarker pairs that distinguish late-infantile MLD from
juvenile MLD in the T-lymphocyte patient data set. The table shows the 15
biomarker candidates identified in the mathematical modeling, their corre-
sponding gene name, and which additional proteins were found to make up the
combinatorial pair.

Model biomarker Gene name  Additional
protein (gene
name)

Bcl-2-like protein 11 BCL2L11 SUN2
ABCA6
GMEB2

BCL2/adenovirus E1B 19 kDa protein- BNIP3 SUN2

interacting protein 3 ABCA6
FAM120A

Cytokine receptor-like factor 2 CRLF2 SUN2
ABCA6

Casein kinase II subunit alpha CSNK2A1 ABCA6
CELF6
EEF1A1

Fatty acid-binding protein 5 FABP5 ABCA6
CELF6

Host cell factor C1 HCFC1 ABCA6
FAM120A

Kriippel-like factor 2 KLF2 ABCA6

Mitofusin-2 MFN2 ABCA6
CELF6
EFF1A1

Neurogenic locus notch homolog protein 1 NOTCH1 ABCA6
EEF1A1
CELF6

Pro-neuregulin-1, membrane-bound isoform NRG1 SUN2
ABCA6
CELF6

UDP-N-acetylglucosamine-peptide N- OGT ABCA6

acetylglucosaminyltransferase 110 kDa FAM120A
subunit

Peroxisome proliferator-activated receptor PPARGCIA  ABCA6

gamma coactivator 1-alpha

GTP-binding protein Rheb RHEB SUN2
ABCA6

Transcription factor 4 TCF4 ABCA6

Toll-interacting protein TOLLIP GMEB2
EEF1A1

GTP, guanosine triphosphate; MLD, metachromatic leukodystrophy; UDP, uri-
dine diphosphate.
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with NRG1 appearing as differential on all three comparisons. Further-
more, all biomarkers, with the exception of BDNF, were able to distin-
guish late-infantile MLD from juvenile MLD in a T-lymphocyte gene
expression data set as part of a combinatorial pair. CK2 alpha was
identified as an individual biomarker able to distinguish late-infantile
MLD from both juvenile MLD and the rest of the MLD population in
the T-lymphocyte gene expression data set.

Several different protein types were identified as biomarker candi-
dates, including transcriptional regulators, growth factors, and enzyme
subunits. The relevance of each of the biomarker candidates to MLD
pathophysiology is highlighted by the fact that all biomarker candidates
obtained from the modeling analysis were identified as either MLD ef-
fectors or as having a direct link to processes implicated in MLD. The
dysregulation of some of these candidates has also been implicated in a
range of neurodegenerative disorders such as Parkinson’s disease [48]
and Alzheimer’s disease [49], as well as other rare lysosomal storage
diseases such as Krabbe’s disease [50].

In particular, NRG1 appeared as differential in the three comparisons
performed in the MLD data sets (patients with MLD vs controls; late-
infantile MLD vs the rest of MLD population; and late-infantile MLD vs
juvenile MLD). NRG1 is an important factor in regulating the remyeli-
nation process in the early phases of nerve injury [51] and also signals
oligodendrocyte progenitor cell proliferation and differentiation [52].
To our knowledge, NRG1 has not been directly linked to MLD devel-
opment previously; however, our findings suggest that altered expres-
sion of NRG1 may play a role in MLD etiology. The characterization of
biomarkers that are independent from disease stages and could predict
symptom onset in patients would be beneficial to investigate further.
This is particularly important to progress the adoption of newborn
screening for MLD: the current lack of clinical biomarkers that can
reliably identify when symptoms may begin to manifest poses ethical
challenges for review boards and hinders implementation [19,21,53].

CK2 alpha, encoded by the gene CSNK2A1, was identified as a
possible individual marker for early tissue damage in MLD using the
mathematical models and was corroborated in the analyses performed
on the T-lymphocyte gene expression data set in the comparison of
clinical subtypes. CK2 alpha is the alpha subunit of casein kinase II, a
serine/threonine kinase [54], and is implicated in a broad spectrum of
biological processes [55]. It is expressed more in the brain than in any
other tissue [56], upregulated in nerve injury [57], and involved in the
signaling pathways that regulate inflammatory responses [54]. Altered
expression of CK2 has been documented in the brain of patients with
Alzheimer’s disease [58]. Further, as a dominant regulator of the Th17/
Treg equilibrium, which is disturbed in MS [54], it is possible that this
CK2 may have relevance in autoimmune inflammatory disorders [54].
However, it is important to note that neither CK2 alpha nor NRG1 are
unique to MLD, so their utility as disease-specific markers may be
limited [54,56].

NfL is released into the CSF and blood upon neuroaxonal injury [28].
It has shown promise as a noninvasive biomarker for demyelinating
diseases [59], including as a marker of clinical phenotype in MLD and in
assessing treatment response [28]. Given its potential significance for
MLD, we investigated NfL by means of mathematical models, but found
that other proteins identified via our models demonstrated better clas-
sification values than NfL, particularly in terms of sensitivity. In addi-
tion, NfL was not identified as a potential candidate in the corroboration
step with the T-lymphocyte data set. It is important to exercise caution
when comparing biomarkers found in vivo with those identified via in
silico modeling. In fact, the influence of NfL in MLD may exist at the
mechanistic level rather than at the gene expression level, and it is
possible that NfL. expression may not be altered in the lymphocytes of
patients with MLD: in this case, NfL. would not have been identified as a
potential candidate in our modeling. Furthermore, although NfL has a
well-established role in neurodegeneration, its utility as a diagnostic or
prognostic marker in MLD requires further investigation. A study found
some evidence of higher NfL levels in presymptomatic patients with

Molecular Genetics and Metabolism Reports 35 (2023) 100974

MLD than in healthy controls but, after symptom onset, levels tended to
decline over time in this study [28]. Further work is needed to under-
stand the differential patterns of NfL. among patient groups and
throughout the disease course.

The corroboration of the 16 biomarker candidates identified by
mathematical models in a T-lymphocyte data set from controls and pa-
tients with MLD supports the model findings, with only BDNF not
corroborated in the comparison between MLD subtypes. T cells play a
central role in neuroinflammation, and inflammation in the central
nervous system has been found to alter T-cell function and identity [60].
Therefore, these data provide a suitable platform to investigate poten-
tially altered proteins in MLD. Our findings align with previous research
supporting the potential relationship between the central nervous sys-
tem and the immune system in demyelinating diseases. For example,
subpopulations of T-helper cells and related cytokines have been found
to modulate the inflammatory responses in MS [61]. Overexpression of
metallothionein genes has also been reported in both the T lymphocytes
and brain tissue of patients with MLD, which further correlated with
disease progression [43]. This is thought to reflect a response to
oxidative and inflammatory processes in MLD [43]. Nevertheless, the T-
lymphocyte data set was the only data set available for biomarker
candidate corroboration, which may not be fully representative of the
systemic disease. Further, the average age at sampling of patients who
provided the T-lymphocyte data suggests that these patients were likely
symptomatic and, as such, any hypotheses on early-stage biomarkers
should be considered tentative. Validation in patient samples, particu-
larly those early-symptomatic, is imperative and will allow us to
determine to what extent these biomarkers translate to clinical practice
and their value in predicting prognosis. Validation in patient data is
likely to be more valuable than that in animal models, given that ASA-
deficient mouse models do not fully reproduce aspects of MLD patho-
physiology observed in humans, such as widespread demyelination
[62].

The corroboration analyses conducted with data sets of patients with
MS yielded inconclusive results. Although some of the biomarker can-
didates identified by mathematical models were able to distinguish be-
tween RRMS and SPMS, this finding was not replicated in all available
MS data sets. The heterogeneity among the MS data sets means that we
should interpret these results with caution. Additionally, the biomarkers
corroborated in the MS data sets were not the same biomarkers
corroborated in the MLD data set. This may reflect the differing disease
pathogenesis between MS and MLD. The biomarker candidates identi-
fied here may perform better in distinguishing among subtypes of other
leukodystrophies (with closer pathophysiology to MLD) than among
subtypes of MS. For example, biomarkers associated with globoid cell
leukodystrophy (Krabbe’s disease), a disease also characterized by
myelin loss in the central and peripheral nervous systems due to a
deficiency in the galactosylceramidase enzyme, may better reflect
pathophysiological processes also associated with MLD than biomarkers
associated with MS. Processes associated with glial cell death are known
to occur in Krabbe’s disease, and overexpression of fatty acid-binding
protein 5 (FABP5; a candidate emerging from our in silico models) in
particular has been shown to accelerate this process [50]. Data from
Krabbe’s disease or other leukodystrophies were unavailable at the time
of this analysis; however, these would provide useful comparators for
future corroboration of our findings. Furthermore, the MLD gene
expression data set contained data from only two adult patients, so more
work is needed to understand the value of these biomarkers to distin-
guish adult MLD from other subtypes.

In silico modeling has been beneficial in a number of disease areas to
identify new candidates for investigation [30]. In addition, given that in
silico modeling can predict properties that might not be inferable from
observation, it could be particularly beneficial for diseases like MLD, for
which data are limited owing to the rarity of the disease. An advantage
of the biomarker candidates identified here is that most are expected to
be easily measured through relatively noninvasive procedures for
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patients. Specifically, BDNF and NRG1 are secreted in the blood,
TOLLIP, MFN2, FABP5, and NOTCH1 are secreted in urine, and several
others are measurable in PBMCs or located on the cell membrane. This is
an important consideration if candidates were to be validated for use in
clinical practice, and studies have demonstrated that biomarker levels
measured in the CSF or serum can be analyzed with sufficient sensitivity
to indicate the presence or progression of neurological diseases [63,64].
However, it is important to note that the levels of proteins in the blood,
urine, or PBMCs may not always be a direct reflection of their levels or
activity in the central nervous system.

Although these results provide promising candidates for future
validation in clinical cohorts, they must be viewed in the context of the
modeling methodology and the limitations associated with it. The TPMS
models are mechanistic and, as such, specific variants relating to a
particular protein or the accumulation of deposits cannot be considered
in the model. However, the modeling can identify processes that appear
because of such variants, and these have been characterized in the
models. The TMPS technology also relies on publicly available data,
including high-throughput data and the current state of knowledge
around the molecular mechanisms involved in the disease of interest.
The availability of high-throughput data from patients with MLD was
limited, so the inclusion of such data to define disease stage models
(which is part of the model generation) was not feasible. Additionally,
there is a lack of knowledge on MLD disease pathophysiology at the
molecular level, which made it difficult to obtain a literature-based
characterization. For example, the first process, ‘deficiency of ASA’,
was not considered as an input in the modeling process owing to diffi-
culties in relating it mechanistically to the other MLD processes.
Therefore, the mathematical models must be viewed as simplified sim-
ulations of real disease states and not as fully representative of complex
pathophysiology. However, the in silico models considered the whole
human protein network and utilized several known pathophysiological
signals as a training set. Additionally, all biomarkers provided by the
modeling analysis (13 individual biomarkers and 16 combinatorial
biomarker pairs) presented cross-validation accuracy levels >70% and
were corroborated on the available expression data, supporting their
role in the disease and differences among disease subtypes. As such, the
biomarkers identified here can be seen as promising candidates for
further validation in patients with MLD.

5. Conclusions

Overall, this study provided a suitable panel of biomarker candidates
for the prediction of early tissue damage in MLD and subsequent follow-
up. These candidates were corroborated using T-lymphocyte data from
patients with MLD and most are expected to be easily measurable,
making them viable candidates for clinical validation.
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