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Abstract 

Background: Metachromatic leukodystrophy (MLD) is a lysosomal storage disorder 
caused by mutations in the arylsulfatase A gene (ARSA) and categorized into three sub-
types according to age of onset. The functional effect of most ARSA mutants remains 
unknown; better understanding of the genotype–phenotype relationship is required 
to support newborn screening (NBS) and guide treatment.

Results: We collected a patient data set from the literature that relates disease 
severity to ARSA genotype in 489 individuals with MLD. Patient-based data were used 
to develop a phenotype matrix that predicts MLD phenotype given ARSA alleles 
in a patient’s genotype with 76% accuracy. We then employed a high-throughput 
enzyme activity assay using mass spectrometry to explore the function of ARSA 
variants from the curated patient data set and the Genome Aggregation Database 
(gnomAD). We observed evidence that 36% of variants of unknown significance (VUS) 
in ARSA may be pathogenic. By classifying functional effects for 251 VUS from gnomAD, 
we reduced the incidence of genotypes of unknown significance (GUS) by over 98.5% 
in the overall population.

Conclusions: These results provide an additional tool for clinicians to anticipate 
the disease course in MLD patients, identifying individuals at high risk of severe disease 
to support treatment access. Our results suggest that more than 1 in 3 VUS in ARSA 
may be pathogenic. We show that combining genetic and biochemical information 
increases diagnostic yield. Our strategy may apply to other recessive diseases, provid-
ing a tool to address the challenge of interpreting VUS within genotype–phenotype 
relationships and NBS.
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Introduction
Metachromatic leukodystrophy (MLD; MIM:250100) is a rare autosomal recessive neu-
rodegenerative disease caused by deficient sulfatide catabolism, due to mutations in the 
arylsulfatase A gene (ARSA) [1]. Patients are generally categorized into three subtypes 
by age of onset: infantile/late-infantile (onset from 0  up to 2.5  years), juvenile (onset 
from 2.5  to 16  years), and adult (onset after 16  years) [1]. Upon manifestation of the 
psychomotor and cognitive symptom characteristic of the disease, prospective MLD 
patients are diagnosed through neuroradiological, biochemical, and/or genetic testing 
[1, 2], with enzymatic activity screening being the most common approach [3, 4]. With-
out treatment, late-infantile and juvenile forms of MLD are fatal and children usually 
die within years [1, 2]. The efficacy of emergent therapeutics is under investigation, and 
results suggest that early intervention, in pre-symptomatic patients, is imperative [1, 5–
7]. This underscores the importance of newborn screening (NBS) for MLD to support 
the diagnosis of pre-symptomatic patients.

A pilot study of NBS for MLD used mass spectrometry to measure sulfatide eleva-
tion in dried blood spots (first-tier screening), followed by measurement of arylsulfatase 
A (ARSA) enzyme activity in the same sample (second-tier screening) and ARSA geno-
typing (third-tier screening) [3]. This experiment included over 27,000 newborns and 
identified two screen positives (one MLD patient true positive, and one MLD carrier 
false positive), demonstrating the feasibility of NBS for MLD. Screening for MLD would 
benefit from a more comprehensive understanding of how ARSA genotypes affect the 
severity of MLD and disease prognosis. Genotype–phenotype information for patients 
in the asymptomatic phase of the disease could guide follow-up and treatment of high-
risk patients. It is hypothesized that residual enzymatic activity is inversely proportional 
to clinical severity.

Although previous work has provided information on MLD genotype–phenotype rela-
tionships [8], interpretation of genotypes presents a number of challenges. Variants of 
unknown significance (VUS) that introduce single amino acid substitutions are often 
identified, but specific VUS that are rare cannot be assumed to be non-pathogenic [1, 
9]. Furthermore, computational methods to accurately predict the effect of single amino 
acid substitutions on protein function are not sufficient on their own for clinical diagno-
sis [10]. A second challenge is that not all pathogenic ARSA variants are equally damag-
ing to protein function; some are associated with early-onset MLD, whereas others are 
associated with a later-onset disease [11, 12].

The objective of this study is to develop a predictive model for ARSA variants that 
cause the phenotypic spectrum of MLD. We make progress toward this objective and 
address the above challenges through a multi-stage process, involving examination of 
ARSA genotypes and MLD phenotypes from the patient literature, collation of ARSA 
variant frequency from the Genome Aggregation Database (gnomAD) and variant 
disease associations from the ClinVar database, and quantification of ARSA vari-
ant enzymatic activities with mass spectrometry [11, 13]. We show that genetic and 
biochemical information are complementary and that combining the two increases 
diagnostic yield. We also provide a framework, or phenotype matrix, that explicitly 
accounts for the impact of each variant in a biallelic individual’s ARSA genotype when 
predicting their MLD phenotype. This framework provides important nuance to the 
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interpretation of variant pathogenicity that is not accounted for in current ACMG 
guidelines [14], as it allows for genotypes consisting of two pathogenic alleles that 
may not lead to a recognizable disease phenotype. We make the argument that there 
are several well-documented autosomal recessive diseases where such pathogenic 
allele combinations occur, and these scenarios should be carefully considered when 
conducting newborn screening.

Results
The curated patient data set—genotypes and phenotypes

Through a comprehensive literature review, we generated a data set of ARSA geno-
types and MLD phenotypes for genotype–phenotype analysis; the data set included 
489  cases from 49  articles published between 1991 and 2020 (Additional file  1: 
Table  S1). Age of onset data were available for 277  patients, and disease severi-
ties/phenotypes were assigned as described in the “Methods.” Three patients were 
reported without MLD severity or age of onset information and were excluded from 
our analysis.

The distribution of patient phenotypes (n = 486) is shown in Fig. 1A. The infantile/
late-infantile phenotype of MLD was the most common (n = 265, 54.5%), followed by 
the juvenile phenotype (n = 166, 34.2%), with the adult phenotype the least prevalent 
(n = 55, 11.3%). The juvenile category included patients classified in the literature as 
both “early juvenile” and “late juvenile,” and a patient classified as “mild adult” was 
annotated as having the adult phenotype in our curation.

Other
(30.3%)Other

(6.1%)

Other
(10.5%)

p.R392W/p.R392W (2.2%)

p.R313X/p.R313X (3.1%)

c.465+1G>A/c.465+1G>A (14.9%)

c.465+1G>A/p.I181S (4.4%)

c.465+1G>A/p.R290H (2.2%)

c.465+1G>A/p.R86W (2.2%)

c.465+1G>A/p.P428L (11.8%)

c.465+1G>A/p.R86Q (1.8%)

Other
(41.4%)

c.465+1G>A/p.I181S (4.7%)

c.465+1G>A/p.R86W (2.3%)

c.465+1G>A/p.R290H (2.3%)

p.P428L/p.P428L (11.2%)

c.465+1G>A/p.P428L (12.6%)

c.465+1G>A/c.465+1G>A (15.8%)

Other (4.2%)

c.465+1G>A/p.R86Q (1.9%)

p.R86Q/p.S98F (1.9%)

p.P428L/p.R86Q (0.9%)

Other (0.9%)

c.465+1G>A/c.465+1G>A (7%, 33) p.R313X/p.R313X (2%, 7)

p.R86Q/p.S98F (1%, 4)

c.465+1G>A/p.R290H (1%, 5)

c.465+1G>A/p.I181S (2%, 9)

p.G311S/p.G311S (1%, 4)

c.465+1G>A/p.R86W (1%, 5)

p.P428L/p.P428L (5%, 24)

c.465+1G>A/p.P428L (6%, 26)

Infantile/late-infantile

Juvenile

Adult 

Other
(19%, 85)

Other
(7%, 31)

Other

p.P428L/p.P428L (10.5%)

(48%, 216)

BA

C

Fig. 1 Pie charts of phenotypes and ARSA genotypes. A Phenotypes in the curated patient data set. The 
three most common ARSA genotypes associated with each severity phenotype are highlighted (n = 486). 
B Predicted phenotypes based on the allele frequencies from gnomAD and the patient-based severity 
ruleset and phenotype matrix. The three most prevalent ARSA genotypes for each predicted phenotype 
are indicated. C Predicted phenotypes based on the allele frequencies from gnomAD and ARSA enzyme 
activities measured in transfected HEK293T cells. The three most prevalent ARSA genotypes for each 
predicted phenotype are indicated. ARSA, arylsulfatase A; gnomAD, Genome Aggregation Database
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A total of 288  distinct genotypes were observed in patients (11 were incom-
plete, as information was available for only one allele) (Additional file  2: Table  S2). 
c.465 + 1G > A/c.465 + 1G > A was the most frequent, occurring in 33  patients (6.8%); 
32  patients were reported as having infantile/late-infantile MLD, while 1 patient was 
reported with an unknown phenotype. The second most common genotype was 
c.465 + 1G > A/p.P428L (n = 26; 5.3%), with 25 patients reported as having the juvenile 
phenotype and a single patient as infantile/late-infantile. The third most frequent geno-
type was p.P428L/p.P428L (n = 24; 4.9%) with 15  patients having juvenile phenotypes 
and 9 patients having adult phenotypes. For the 6 patients with this genotype and age of 
onset information, we observed that the average age of onset was 15.3 years, close to the 
cut-off in age ranges between the adult and juvenile forms of the disease (16 years).

Individual variants observed in the patient data set

The frequency of each mutation found in the curated patient data set is provided in 
Additional file  3: Table  S3, which also includes variants from gnomAD, variants from 
patients in the MLD Foundation registry, and NBS. In 40 cases from the curated patient 
data set, the second allele was not reported, resulting in 932 curated patient alleles for 
analysis. The curated patient data set contained 246 unique variants, although 2 variants 
accounted for 30% of all observed alleles: the splicing mutation c.465 + 1G > A (n = 186; 
20.0%) and the missense mutation p.P428L (n = 117; 12.6%). p.I181S was the third most 
common allele in patients (n = 25; 2.7%).

Allele frequency of pathogenic variants from the patient data set in gnomAD

To further analyze the curated patient data set, we extracted the allele frequency of each 
mutation found in gnomAD. Frequencies by population are shown in Additional file 3: 
Table S3. We observed that while only 26.8% of the 246 unique variants in patients were 
in gnomAD, these variants represent the majority of alleles (65.2%) reported in curated 
patients (612 of 938). Among variants in curated patients, p.T393S had the highest 
allele frequency in gnomAD, with an overall allele frequency of 0.48. p.T393S was also 
the major allele in both the Finnish (0.59) and the Non-Finnish European (NFE) popu-
lations (0.54). Although this mutation was observed in 11 MLD patients, p.T393S is a 
well-documented pseudo-deficiency variant in ARSA, with a high allele frequency, and 
is annotated as benign in ClinVar [11]. The three most common pathogenic mutations in 
the curated patient data set—c.465 + 1G > A, p.P428L, and p.I181S—were the three most 
common pathogenic mutations in gnomAD. The most common, c.465 + 1G > A, had 
an overall allele frequency of 6.4 ×  10−4 and an NFE frequency of 1.2 ×  10−3. p.P428L 
and p.I181S were the second and third most frequent variants in gnomAD, with NFE 
frequencies of 6.3 ×  10−4 and 3.7 ×  10−4, respectively. These data highlight the fact that, 
although many variants found in patients are not in gnomAD, such variants are rare, 
both in the overall population, and in patients. Conversely, while representing a small 
fraction of the unique variants found in patients, most patients will have mutations 
found in gnomAD. Furthermore, the most frequent alleles in the patient dataset are also 
the most common pathogenic alleles in the general population, as reported in gnomAD.

It may be noted that gnomAD is depleted of patients with pediatric diseases, but 
population allele frequencies of variants involved in autosomal recessive disease are 
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determined mostly by the frequencies at which they occur in carriers. Allele frequencies 
should therefore be well determined by gnomAD.

ClinVar annotation of identified ARSA variants

ClinVar pathogenicity annotations are shown in Additional file 3: Table S3. “Uncertain 
significance” was the most common ClinVar annotation among mutations from curated 
patients, gnomAD, and other sources (n = 39). A further 349  mutations were absent 
from ClinVar, with 24 variants annotated as “not provided” and 1 as “other,” leading to a 
total of 413 variants classified as VUS (clinical effects unknown).

ClinVar contained 58 ARSA variants that were labeled as pathogenic (31 pathogenic, 
16 pathogenic / likely pathogenic, 11 likely pathogenic), 12 benign ARSA variants (2 
benign, 8 likely benign, 2 benign / likely benign), and 14 variants annotated as having 
conflicting interpretations of pathogenicity. Of the latter, p.P220L (with a frequency of 
0.028, and 10 homozygous individuals in the Finnish population in gnomAD) and c.466-
7G > C (with a frequency of 0.004 in the NFE population in gnomAD) were considered 
to be benign in our analysis based on these high frequencies and their absence from the 
patient data set.

Classifying variants using the curated patient data set: patient‑based variant severity rules

The patient data set revealed that individuals with identical genotypes typically exhibit 
the same severity phenotype (i.e., similar age of onset of disease). Genotypes and phe-
notypes from the curated patient data set were used to derive a ruleset for classifying 
variant severity (Fig.  2A). In order to capture the varying levels of impact on ARSA 
enzyme activity, variants were grouped into four categories: severe, moderate, mild, and 
benign. Patient-based severity assignments were limited to mutations observed in 5 or 
more patients to ensure robust classification. Any mutation found in an infantile/late-
infantile patient was described as severe. Loss of function (LoF) mutations (stop-gained 
or out-of-frame insertions/deletions leading to a stop-gained mutation) were classified 
as severe since these almost universally eradicate ARSA enzyme activity (an exception 
might be a terminal, stop-gained mutation) [13]. In this way, we constructed an initial 
list of severe mutations. During examination of reported juvenile MLD patients, any 
mutation found in trans with a severe mutation was classified as moderate under the 
assumption that a second severe mutation would have resulted in infantile/late-infantile 
MLD. Mutations in adult MLD patients with a homozygous genotype, or cases where an 
unclassified mutation was in trans with an already categorized moderate mutation, were 
classified as moderate as well. This was based on the hypothesis that a homozygous mild 
mutation would likely cause an asymptomatic phenotype, and homozygous severe muta-
tions would cause the infantile/late-infantile form of the disease. This defined the list 
of moderate mutations. Among adult MLD patients, if a severe mutation was present, 
the second mutation was classified as mild, under the hypothesis that if it were moder-
ate, it would result in juvenile MLD. Finally, although we did not curate asymptomatic 
individuals, MLD is an autosomal recessive disease, so any variant paired with a severe/
moderate/mild mutation in a person who never develops MLD is considered benign. In 
our description of the phenotype matrix, we also point out that individuals with mild/
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mild or mild/moderate genotype combinations could be expected to be asymptomatic or 
have very late or subtle onset of symptoms.

Again, patient-based severity assignments were limited to mutations observed in 5 or 
more patients to ensure robust classification (37 ARSA mutations met this requirement, 
representing 610 of 932  alleles [65.5%] reported in patients). These variants of known 
severity are depicted in Fig. 3. Of these, 28 (75.7%) were annotated as severe, represent-
ing 43.2% of alleles (n = 403) found in the curated patient data set. Moderate variants 
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Fig. 2 The patient-based severity ruleset and the phenotype matrix. A Ruleset for determining patient-based 
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late-infantile, juvenile, adult, asymptomatic, unknown) produced by the combination of variants. ARSA, 
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comprised 5 distinct alleles (13.5%), but these represented a larger percentage of alleles 
(n = 159; 17.1%) found in patient genotypes. Mild mutations comprised 5.4% alleles 
(n = 2), representing 3.3% of alleles (n = 31) found in patient genotypes. Finally, 5.4% 
of mutations (n = 2) observed in 5 or more MLD patients were documented as benign 
and observed in 17 patient genotypes (1.8%). In cases where fewer than 5 patients were 
reported, we assigned a patient-based severity of “unknown” and excluded these from 
genotype–phenotype analysis. The most prevalent variants in the curated patient data 
set and the gnomAD NFE population are shown in Fig. 3A and B, classified according to 
patient-based severity assignments.

When categorizing variant severities, we started with the most common variants 
and genotypes observed in patients (Table 1 and Figs. 1 and 3). The most common 
allele in patients is the c.465 + 1G > A splicing variant, found in curated patients 
186 times. Patients homozygous for this allele typically presented with infantile/
late-infantile MLD (n = 32), although one patient had an unknown phenotype. 
p.P482L was the second most frequent mutation in patients (n = 117). Within the 
data set, p.P428L homozygotes exhibited adult (n = 9) and juvenile (n = 15) forms 
of MLD, with an average age of onset (15.3 years) near the 16-year cutoff between 
the adult and juvenile forms of the disease. When p.P428L was paired with the 
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severe mutation c.465 + 1G > A, patients mainly presented with juvenile MLD. 
There was one patient reported as having infantile/late-infantile MLD with geno-
type p.P428L/c.465 + 1G > A [4]. These data supported the assignments of severe 
for c.465 + 1G > A and moderate for p.P428L. Finally, the third most frequent 
ARSA mutation was p.I181S, appearing 25 times in curated patients. No p.I181S 
homozygotes were found in the MLD literature, nor was it observed in the com-
pound heterozygous state with moderate p.P428L.Combined with c.465 + 1G > A, 
p.I181S produced the adult phenotype 4 times, the juvenile phenotype 4 times, and 
the infantile/late-infantile phenotype once. This supported the creation of a vari-
ant severity that is less severe than moderate, i.e., the mild severity. The most com-
mon genotypes associated with each predicted phenotype are shown in Fig. 1B and 
Table 2.

Development of a phenotype matrix

The phenotype matrix formalizes the genotype–phenotype relationship as a look-up 
table based on the assumption that the impact of each ARSA allele on enzymatic activ-
ity is additive (Fig. 2B). The impact of each ARSA allele on disease severity is also addi-
tive, with combinations of the most severe mutations causing the earliest onset form of 
disease, and each increase in ARSA enzymatic activity producing a milder, later onset 
phenotype.

The matrix classifies patients as infantile/late-infantile, juvenile, adult, or asympto-
matic based on the classification of their alleles as severe, moderate, or mild. We noted 
that adult MLD generally resulted from pairing mild variants, such as p.I181S, with a 
severe allele, such as c.465 + 1G > A, and so we proposed that pairing any mild mutation 
with a less severe variant (moderate or mild) should result in a less severe phenotype 

Table 2 Most common genotypes in the curated patient dataset and observed phenotypes. 
Entropy is a measure of phenotypic variability for a genotype

Genotype Patient 
count, n

Percentage of 
patients, %

Phenotype breakdown Entropy

c.465 + 1G > A/c.465 + 1G > A 33 6.75% • Infantile/late-infantile 32
• Unknown 1

0.14

c.465 + 1G > A/p.P428L 26 5.32% • Juvenile 25
• Infantile/late-infantile 1

0.16

p.P428L/p.P428L 24 4.91% • Juvenile 15
• Adult 9

0.66

c.465 + 1G > A/p.I181S 9 1.84% • Adult 4
• Juvenile 4
• Infantile/late-infantile 1

0.96

p.R313X/p.R313X 7 1.43% • Infantile/late-infantile 6
• Unknown 1

0.41

c.465 + 1G > A/p.R290H 5 1.02% • Adult 3
• Juvenile 2

0.67

c.465 + 1G > A/p.R86W 5 1.02% • Juvenile 5 0.00

c.465 + 1G > A/c.855-1G > A 4 0.82% • Infantile/late-infantile 4 0.00

c.465 + 1G > A/p.R86Q 4 0.82% • Infantile/late-infantile 2
• Juvenile 2

0.69

p.R86Q/p.S98F 4 0.82% • Adult 2
• Juvenile 2

0.69
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than adult (probably not symptomatic for MLD). Therefore, the asymptomatic pheno-
type was also included, resulting from the pairing of mild mutations with moderate, 
mild, or benign mutations. In the curated patient data set, two mutations, p.I181S and 
p.R290H, consistently resulted in adult or juvenile MLD when paired with severe muta-
tions, such as c.465 + 1G > A. However, p.I181S and p.R290H were never found with 
p.P428L or p.R86Q, which are moderate mutations. Furthermore, p.I181S and p.R290H 
never occurred with themselves or each other in symptomatic patients in the patient 
data set.

When a VUS is encountered, the phenotype can only be predicted by our matrix if the 
second allele is benign or wild-type. As such, four combinations of VUS-containing gen-
otypes produce unpredictable phenotypes in the matrix. This highlights the importance 
of characterizing VUS to decrease the uncertainty in genotypes. Following our patient-
based severity analyses, many VUS remained; the strategy to further characterize VUS 
in this study was to measure the enzyme activity of ARSA protein encoded by VUS-
containing ARSA transcripts in a cell model.

Selection of ARSA variants for activity assays

Activities of mutations (n = 37) that occurred in patients five  or more times and had 
been assigned patient-based severity annotations (“severe” n = 28, “moderate” n = 5, 
“mild” n = 2, “benign” n = 2) were used to determine the range of ARSA enzyme activity 
that defines each patient-based severity. Then, the predicted variant severity of any given 
VUS (expressed alone in the ARSA consensus coding sequence in HEK293T cells) was 
determined by the bracket of ARSA enzyme activity in which the result fell. We assayed 
the activity of all 230 missense mutations in ARSA listed in gnomAD.

Of these mutations, 24 were annotated as pathogenic in ClinVar. One in-frame dele-
tion (c.1223_1231delGTG ATA CCA) and one stop-gained mutation (p.C158X) were also 
selected to demonstrate the ability of the assay to characterize other classes of variants. 
We also included 29 variants from the literature that were not present in gnomAD, and 
20 novel mutations from unpublished patients provided by MLD Foundation (includ-
ing two stop-gained mutations: p.C71X and p.Y41X), resulting in a total of 281 coding 
sequence variants. Of the variants selected for testing, 82 mutations occurred in MLD 
patients at least once.

Variants for testing within the genomic construct (ENST00000216124.5) were prior-
itized by selecting suspected splice mutations from the literature (n = 21), along with 
hits from the splice prediction algorithm MaxENT. We were able to select a limited sub-
set of variants (n = 8) that MaxENT classified as gain-of-splice acceptors, with > 40% dif-
ference between wild-type and mutant scores. Any missense variant within 6 bases of a 
splice junction (n = 3) was also tested in the genomic ARSA construct.

ARSA enzyme activity assay

Assay results and enzymatic activity for each variant are listed in Additional file  3: 
Table  S3. Briefly, CRISPR/Cas9 [clustered regularly interspaced short palindromic 
repeats / CRISPR-associated protein 9] editing was used to create a clonal ARSA-knock-
out line in HEK293T cells (knockout across all alleles was verified; Additional file 4: Fig 
S1). This cell line was used to test the 281 variants within the ARSA coding construct. 
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Of the variants tested in the assay, 26 were classified as pathogenic, 5 were classified as 
benign, and 251 were categorized as VUS according to the patient-based severity assign-
ments described previously.

We measured the enzyme activity of ARSA and normalized to beta-lactamase 
(BLA) activity as per the “Methods.” This is expected to minimize inaccuracies due to 
variation of transfection efficiencies among the different wells of transfected cells. In 
each set of enzyme assays, we also included wells of cells transfected with wild-type 
ARSA (to minimize assay drift over time), and the percentage of wild-type activity 
for each ARSA variant was calculated as 100 × [(ARSA variant activity)/(BLA activity 
in ARSA variant cells)]/[(ARSA wild-type activity)/(BLA activity in ARSA wild-type 
cells)]. Percent of wild-type activities are displayed in Additional file 5: Table S4 for 
coding sequence (CDS) variants, and Fig. 4A shows enzyme activities of all 281 ARSA 
CDS variants measured in HEK293T cells ordered by increasing activity. Normaliza-
tion to BLA activity presumably accounts for any differential transfection efficiency 
among the different variants tested. For precision, enzymatic activity is reported as 
directly calculated and may include negative values, due to the nature of blank sub-
tractions. Variant activity can be negative when the enzymatic activity is close to zero 
and gives an observed value slightly lower than observed with the blank in which only 
cell lysis buffer was used. For the purpose of genotype–phenotype analysis, negative 
values reflect null enzymatic activity.

Classifying variants using activity data: activity‑based severity

Using the CDS percentage of wild-type activity of pathogenic mutations from the 
curated patient data set, we set 13% of wild-type activity as the upper limit for defining 
pathogenic variants in our assay, based on variants p.I181S and p.T393S. p.I181S, anno-
tated as mild in 25 patients, exhibited the lowest activity in this class (4.3% of wild-type) 
and helped set the lower bound for mild mutations. p.T393S, reported as benign in Clin-
Var, had the lowest activity in the benign class (14.7% of wild-type), informing the upper 
bound for mild severity. Enzyme activity thresholds for each variant severity category 
were derived in the same manner (Fig. 4A); severe activity limits were set at 0 to < 2% of 
wild-type activity, moderate limits were set at 2 to < 4% of wild-type activity, and mild 
limits were set at 4 to 13% of wild-type activity.

Of the 251 variants with unknown patient-based severity assignments tested in the 
activity assay, we observed that 90 (36%) had activity values below 13%, and could poten-
tially be considered as pathogenic. Furthermore, 65 (26%) of the interrogated VUS dis-
played ARSA activity in the 0–3% range, and are thus predicted to be severe.

Enzyme activities of variants in the genomic construct

Also assayed were a subset of ARSA variants with an intron-inclusive expression plas-
mid, to demonstrate the ability of the model to quantify splice mutations. We assayed 
32 mutations in a genomic ARSA construct. Variant activity as a percentage of wild-type 
activity is displayed in Additional file 6: Table S5.
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This set of mutations in the genomic construct included 29 VUS and 3 well-character-
ized variants (2 severe and 1 moderate by patient-based severity), observed in 5 or more 
patients in the literature.

To examine continuity between assays, four variants (p.A325T, p.H228D, p.E384K, 
and p.S227C) were tested in both CDS and genomic constructs. Activity-based 
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severity agreed between CDS and genomic constructs for three of these variants. How-
ever, for p.S227C, genomic activity-based severity differed from the activity-based sever-
ity assigned by CDS activity (benign by genomic activity-based severity compared with 
severe by CDS activity-based severity). p.E384K was a pathogenic (moderate) variant 
according to patient-based severity and ClinVar, but displayed CDS and genomic activi-
ties in the benign range. p.E384K, implicated as a splice variant by MaxENT, exhib-
ited 70.2% of wild-type activity in the CDS assay but 18.3% of wild-type activity in the 
genomic assay. Although both activity levels fall in the benign category, the almost four-
fold lower activity of the genomic construct suggests that splicing may play a role in its 
pathobiology.

Finalized severity was determined by comparing CDS activity to genomic (when avail-
able) activity-based severity and the patient-based severity, conceding to the general 
consensus in the literature if there were any disagreements between activity values. If 
CDS activity-based severity did not equal the genomic activity-based severity, the final-
ized severity was set to the activity-based severity that most closely matched the patient-
based severity/literature. In the case of p.P428L, we set the finalized severity to the 
patient-based severity, since this mutation had unique properties.

Agreement of enzyme activity and patient‑based severity

In our HEK293T studies, 116 variants were identified with activity values in the range of 
what could be considered pathogenic (CDS activities ≤ 13% of wild-type activity) along 
with 165 variants whose activities were above this threshold and could be considered 
benign (Additional file 5: Table S4). The CDS activity brackets described previously were 
applied to 251 VUS, yielding 161 benign, 66 severe, 9 moderate, and 15 mild predictions. 
As described above, 37 variants from the literature documented in 5 or more individu-
als were assigned a patient-based severity, 31 of which were tested in the CDS enzyme 
activity assay.

Patient-based severity and CDS activity-based severity classifications agreed for 25 of 
these 31 mutations (Fig. 4B). The ARSA enzyme activity assay could distinguish not only 
between pathogenic and benign mutations, but also between mild, moderate, and severe 
mutations with reasonable, but not perfect, accuracy. Overlap between categories may 
be an artifact of normalization or due to well-to-well variation. For each variant in the 
full data set (Additional file  3: Table S3), a cross-tabulation of annotations from Clin-
Var is provided with subsequent patient-based severity and ARSA activity-based sever-
ity assignments (Additional file 8: Table S7). Of variants characterized in five or more 
patients, the CDS assay misclassified six variants: p.P379L, p.R86W, p.P428L, p.E384K, 
p.Y203C, and p.T329I. p.E384K and p.T329I were the only pathogenic variants to possess 
high CDS activity (70.2 and 25.4% wild-type activity, respectively). p.E384K also tested 
as benign using the genomic construct, with 18.3% of wild-type activity. This mutation 
was observed 8 times in 7 different patients with 6 different genotypes. One p.E384K 
homozygote was reported and exhibited juvenile-onset MLD. Analysis by MaxENT 
suggests that this mutation affects splicing, which may explain the decreased activity in 
the genomic assay, but p.E384K did not exhibit moderate activity, as its patient-based 
severity annotation suggests. Possibly, the effect of p.E384K on splicing efficiency has 
a cell type-specific component that is incompletely observed in the HEK293-based 
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assay. A similar finding was observed for p.R372Q, which has been annotated as patho-
genic/likely pathogenic in ClinVar, but as having an unknown patient-based severity. It 
occurred six times in curated patients, but in one instance was paired with an unidenti-
fied second mutation. Based on its occurrence in late-infantile patients, it would be con-
sidered a severe mutation. It displayed 23.32% of wild-type activity in the CDS assay. The 
variant occurs about 8 nucleotides downstream of an acceptor site and may affect splic-
ing; therefore, p.R372Q should be better assessed with the genomic construct.

The remaining four misclassified pathogenic mutations from the curated patient data 
set had less than 13% of wild-type levels. p.R86W was classified as mild (7.9% of wild-
type activity) but is considered moderate under our patient-based severity ruleset. In 
ClinVar, this mutation was listed as “conflicting interpretations of pathogenicity,” con-
sistent with the variable onsets of 11 individuals in the patient data set. p.P379L (12.1% 
of wild-type activity) was the only other moderate mutation in the literature that was 
classified as mild in the enzyme activity assay.

Furthermore, c.684 + 1G > A, a known pathogenic variant, showed 48.6% of wild-type 
activity using the genomic construct. While this variant did not occur in our curated 
patient data often enough to be assigned a patient-based severity, it is annotated as path-
ogenic in ClinVar. This again suggests that there are additional factors affecting enzyme 
function or splicing efficiency in disease-relevant cells that are not recapitulated in our 
HEK293T cell model. In addition, the genomic construct assay was less robust than it 
CDS counterpart, which was likely due to cell toxicity/death and/or reduced transfec-
tion/expression levels.

p.P428L, the second most frequent variant found in patients, was also considered 
moderate in the reported patient-based severity literature. Its final activity-based sever-
ity was set to severe, with 0.04% of wild-type CDS activity. The results of the p.P428L 
CDS activity were similar to previous reports using constructs bearing ARSA com-
plementary DNA (cDNA) [9, 11]. This mutation exhibited an interesting biochemi-
cal pattern. The lysosomal protease cathepsin  L does not cleave wild-type ARSA but 
does cleave the p.P428L variant near the site of mutation [15]. Thus, the activity of the 
variant would be predicted to be dependent on expression of cathepsin L. There could 
be cell type-specific proteases that mediate enzyme activity in various tissues and cell 
types. The mismatch between the moderate patient-based severity of p.P428L and the 
extremely low enzyme activity of this variant in HEK293T cells remains unexplained.

On a side note, 59 ARSA variants were classified as pathogenic, likely pathogenic, 
benign, or likely benign in ClinVar, among which 52, or 88%, had activity-based severi-
ties that agreed with the curation if a cutoff of 13% of wild-type activity was used to dis-
tinguish between pathogenic and benign variants.

We calculated the diagnostic odds ratio (DOR) of our enzymatic assay using the CDS 
activity and patient-based severity classifications for variants that occurred 5 or more 
times in patients or were known to be benign [16]. Because our screening strategy, with 
a threshold of 13% activity to discriminate between pathogenic and benign variants, 
resulted in no false positives, our likelihood ratio (LR +) and DOR were infinite. This 
implies that the enzymatic activity assay reliably detects pathogenic variants, and pos-
sesses a specificity or true-negative rate of 100%. It is important to note that the 13% 
threshold did result in two false negative variants that are classified as pathogenic but 
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have high activity. Combining genetic and biochemical data increases diagnostic yield 
and the ability to accurately diagnose patients. For instance, false negatives from the bio-
chemical assay, or known pathogenic variants that exhibit high activity, can be reclas-
sified using patient-based severity rules and the phenotypes of patients genotyped by 
NGS. Additionally, VUS for which no pre-existing patient data exist can be character-
ized by a biochemical assay.

Correlation of in silico predictors with VUS enzyme activities

The measured ARSA variant enzyme activities in HEK293T cells were compared to 
those predicted by three in silico methods: SIFT [17], PolyPhen [18], and REVEL [19]. 
ARSA variants characterized in ClinVar were excluded from this analysis since ClinVar is 
used to train SIFT and PolyPhen predictions (Additional file 3: Table S3 and Additional 
file  4: Fig S2). Correlations between CDS enzyme activity data with SIFT, PolyPhen, 
and REVEL (n = 219) were low, with Pearson’s R correlation coefficients of 0.44, − 0.56, 
and − 0.51, respectively (Table 3). These results were in accordance with other examina-
tions of in silico methods [20–22] and demonstrate the need to understand the impact 
of variants using other techniques, such as our high-throughput, HEK293T cellular, and 
enzyme activity assay. In general, these in silico methods are not suitably accurate for 
use in prognosis of disease, especially in asymptomatic newborns.

Assessment of the genotype–phenotype relationship using entropy calculations

The strength of the genotype–phenotype relationships generated in this study was eval-
uated in multiple ways. First, we measured the entropy, or the amount of uncertainty 
associated with common genotypes (Additional file  2: Table  S2). For this analysis, we 
used genotypes that occurred five or more times in curated patients. There were 9 such 
genotypes, representing 28.3% of curated patients (n = 138). We used entropy as a meas-
ure of the consistency of the genotype–phenotype relationship, which was calculated as 
follows:

Here, p̂(Phenotypei|Genotype) was the probability of phenotype i given the specific 
genotype being analyzed, and i ranges from 1 to n distinct phenotypes associated with 
the genotype. A genotype that consistently presented with the same phenotype had an 

H [G] =

n

i=1

p Phenotypei|Genotype × log p Phenotypei|Genotype

Table 3 Pearson’s R correlation coefficients between CDS wild type activity and SIFT, PolyPhen, and 
REVEL predictor scores. CDS, coding sequence

CDS mean percent of 
wild‑type activity

SIFT scores PolyPhen scores REVEL scores

CDS mean percent of 
wild-type activity

1 0.44  − 0.56  − 0.51

SIFT scores 0.44 1  − 0.67  − 0.64

PolyPhen scores  − 0.56  − 0.67 1 0.86

REVEL scores  − 0.51  − 0.64 0.86 1
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entropy of zero, whereas genotypes that presented with multiple phenotypes had higher 
entropies. For this analysis, phenotypes were classified as infantile/late-infantile, juve-
nile, and adult, consistent with phenotype designations used throughout this analysis. 
This categorization resulted in a maximum permitted entropy of 1.099. For genotypes 
with both alleles documented in 5 or more patients, the mean entropy was 0.099, with a 
standard deviation of 0.241. While this average entropy is not trivial, it is near the ideal 
entropy of zero, suggesting high genotype–phenotype consistency in MLD.

The c.465 + 1G > A/p.I181S genotype (n = 9) had the highest entropy (0.96). At least 
one case in the literature with this genotype was reported to have late-infantile MLD 
but was noted by the authors to have a “pre-existing neurological comorbidity” [23]. At 
the other extreme were the c.465 + 1G > A/c.465 + 1G > A (n = 33) and c.465 + 1G > A/p.
P428L (n = 26) genotypes, which were the most consistent and most frequent genotypes, 
with entropies of 0.14 and 0.16, respectively. The p.P428L/p.P428L genotype (n = 24) 
was less consistent (entropy: 0.66), with 9 curated patients annotated as having adult 
MLD and 15 with juvenile disease. Although there was some inconsistency with this 
genotype, for patients with age of onset data (n = 6) mean onset was 15.3 years. This is 
higher than the average age of onset for the c.465 + 1G > A/p.P428L genotype (n = 14; 
mean: 5.30 years) and consistent with the prediction of the phenotype matrix that the 
latter genotype is more severe (i.e., has an earlier onset) compared with the p.P428L/p.
P428L genotype.

Accuracy of genotype–phenotype analysis using the phenotype matrix

The accuracy of the phenotype matrix in predicting phenotypes from the severity of 
each mutation in a patient’s genotype was also analyzed (Additional file 2: Table S2 and 
Fig.  5A). Analysis was limited to genotypes for which each mutation occurred five or 
more times in patients, to ensure that the underlying patient data were reproducible and 
accurate. Although 46.7% of MLD patients (n = 227) had unique genotypes, a similar 
percentage of curated patients had genotypes where both mutations were found in the 
patient data five or more times (n = 233, represented by 77 distinct genotypes) (Addi-
tional file 2: Table S2). These genotypes were utilized along with the phenotype matrix to 
evaluate the strength of the genotype–phenotype relationships in MLD. For each geno-
type, the phenotype matrix was used to generate a predicted phenotype given the sever-
ity of each mutation. The accuracy of these predictions was calculated as the percentage 
of observed phenotypes that matched the predicted phenotype for both patient-based 
severity and activity-based severity assignments. The accuracy of the phenotype matrix 
decreased with high-entropy genotypes from the patient data set, where the reported 
phenotypes varied widely. For example, c.465 + 1G > A/p.I181S had an entropy of 0.96 
and a predicted phenotype of adult MLD. This genotype had 1 infantile, 4 adult, and 4 
juvenile patients, giving it 44.4% accuracy for both patient-based severity and activity-
based severity.

Using patient-based severity, the overall accuracy of the phenotype matrix was 76%, 
and using activity-based severity it was 52%. The discrepancy between the matrix’s 
patient-based severity and activity-based severity performance was largely attributed 
to misclassification of the frequent p.P428L mutation, observed in 117 patients (24.1% 
of individuals) across 29 distinct genotypes. As discussed previously, p.P428L was 
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moderate under the patient-based severity rules but classified as severe in the CDS activ-
ity assay. If p.P428L-containing genotypes were excluded from the analysis, the overall 
patient-based severity accuracy of the phenotype matrix was 78%, but for activity-based 
severity it went from 52 to 70%. While not perfect, the phenotype matrix provides an 
additional tool that can be used to predict phenotype from genotype.

We acknowledge that calculating the accuracy of the phenotype matrix on the same 
set of patients used to determine variant severity may overestimate accuracy. However, 
it would be unfeasible to perform manual cross-validation to assess the accuracy of the 
rules for variant severity. In order to manually obtain an unbiased quantification of the 
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p.G311S/p.G311S (3%, 3)
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p.R86Q/p.S98F (2%, 2)
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Fig. 5  Frequently inconsistent MLD genotypes and estimated burden of MLD. A Summary of the genotypes 
whose phenotypes did not match the patient data set and were predicted incorrectly using the phenotype 
matrix. These genotypes manifested with multiple phenotypes within the patient data set. We considered 
genotypes where each mutation occurred at least five times in the overall patient data set and ignored any 
patient where two mutations were not identified. We then considered the predicted phenotype based on 
the finalized severity of each mutation. For each genotype, we counted the number of times the predicted 
phenotype agreed with the observed phenotype. B Classifying VUS improves the accuracy of MLD disease 
burden estimates using allele frequencies from multiple subpopulations in gnomAD. This is demonstrated 
by estimation of the burden of MLD in a bar chart including the proportion of each MLD subtype. These 
calculations were carried out before (light bars) and after (saturated bars) VUS were characterized for ARSA 
enzymatic activity in HEK293T cells. Classifying VUS decreased the number of GUS, improving the estimates 
of disease burden. ARSA, arylsulfatase A; gnomAD, Genome Aggregation Database; NFE, non-Finnish 
European; VUS, variants of unknown significance
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strength of the genotype–phenotype relationship, variant classification for each random 
training set would need to be performed by separate individuals. To obtain an unbiased 
estimate of the accuracy of the phenotype matrix in MLD, we cross-validated a random 
forest model. In this model, we evaluated the performance of genotype information, 
CDS activity, and the two sources of information combined in predicting patient geno-
types. Patient genotypes were one-hot encoded into a table with |V| columns, where |V| 
is the cardinality of the set of variants found in patients. The one-hot encoding of each 
individual variant in a patient’s genotype was summed, so that homozygous individuals 
had a 2 in the column corresponding to their respective variant, and heterozygotes a 1 in 
each respective column. Two features, each representing the CDS activity of each vari-
ant in a patient’s genotype, were also generated. In this representation, the CDS activity 
of stop-gained, frameshift, and the c.465 + 1G > A variant were set to 0.

We performed analysis after filtering patients in two ways. First, we filtered for only 
patients where each allele in the ARSA genotype occurred at least 5 times in the patient 
dataset. Second, we included patients where each variant in the genotype had an associ-
ated activity value from our assay or from setting the activity of stop-gained, frameshift, 
and c.465 + 1G > A variants to 0. The ability to predict an unseen patient’s phenotype 
was modeled by iteratively selecting 10% of patients as a test set with the remaining 90% 
being used to train a one-versus-rest multi-class random forest model in Python with 
each combination of the two feature sets. After 1000 iterations, the area under the curve 
(AUC) and accuracy were calculated across all testing folds. P values for calculating the 
statistical significance that one AUC is greater than another were calculated as the per-
centage of times the difference in AUCs were greater than that observed when iteratively 
shuffling prediction values between the two predictors.

When performing analysis on patients for whom each variant occurred at least 5 times 
in the dataset, we observed an AUC of 0.919 and an accuracy (the percentage of patients 
for which the correct phenotype had the highest score) of 75.4% when using genotype 
information alone. This value was very similar to the 76% observed when using patient-
based severity annotations and the phenotype matrix manually. When using activity 
information only, we observed an AUC of 0.909, and an accuracy of 70.2%, much higher 
than the 52% obtained when using thresholds for mild/moderate/severe variant cutoffs 
and the phenotype matrix. As a sign of overfitting, we observed that when using activ-
ity information, the random forest model predicted the p.P428L/p.P428L genotype to 
have the infantile/late-infantile/, juvenile, and adult-onset phenotypes 0, 17, and 83% 
of the time respectively, although that genotype would be expected to have almost no 
residual activity according to the CDS assay. While clear evidence of overfitting, this is 
an example where both genotype and phenotype information can combine to increase 
the ability to predict a patient’s phenotype. Interestingly, combining both sets of features 
resulted in higher AUC (0.920), but slightly lower, accuracy than genotype information 
alone (73.7%).

When performing cross-validation with all patients for whom each variant has 
CDS activity, we found that the accuracy when combining each set of features (accu-
racy = 74.9%, AUC = 0.915) was higher than when only using genotype informa-
tion (accuracy = 69.7%; AUC = 0.886, P < 0.001) or CDS activity (accuracy = 73.6%; 
AUC = 0.909, P < 0.001). We also observed that activity information had a higher AUC 
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and accuracy than genotype information (P < 0.001). This is intuitive since this dataset is 
not filtered for patients for whom each variant occurs at least 5 times, and more patients 
in the test set will have variants not observed in the training set.

Most common expected genotypes according to variant frequencies in gnomAD

The expected incidence of each combination of ARSA alleles was also calculated along 
with the predicted MLD phenotypes based on patient-based severity and activity-based 
severity (Additional file 9: Table S8). The expected incidence of an individual genotype 
was calculated as the product of the allele frequency of the two mutations comprising 
the genotype for each subpopulation reported in gnomAD. The most common geno-
types associated with each predicted phenotype are shown in Fig. 1B and C.

c.465 + 1G > A/c.465 + 1G > A, the most common genotype in curated patients 
(n = 33), was also predicted to be the most common symptomatic genotype in the 
NFE population (NFE incidence = 1  in 683,188). The next two genotypes predicted to 
be pathogenic, c.465 + 1G > A/p.P428L and p.P428L/p.P428L (expected to occur with 
an NFE incidence of 1  in 651,761 and 1  in 2,487,121, respectively), were the next two 
most common genotypes in the curated patient data as well (n = 26 and 24, respectively). 
In accordance with the phenotype matrix, there were several genotypes that consisted 
of two pathogenic alleles (two mild variants or a mild and a moderate variant) that are 
predicted to be asymptomatic. The most common in this group was p.I181S/p.P428L, 
which was expected to occur with an NFE frequency of 1  in 2,159,790. This genotype 
was not observed in the curated data set. The genotypes p.I181S/pI181S and p.R86Q/p.
I181S were expected to occur in 1 in 7,502,152 and 1 in 15,064,381, respectively, in the 
NFE population, and to date no patients with these genotypes have been reported. The 
combined expected NFE incidence of these three genotypes was 1 in 900,009. Given the 
ascertainment bias for NFE individuals in gnomAD, these allele frequencies influenced 
the confidence intervals of our incidence estimates.

Estimates of disease burden and reduction in genotypes of uncertain significance

Patient-based severity and activity-based severity were used in combination with allele 
frequencies in gnomAD to predict the most common genotypes for each phenotype, 
including genotypes that are predicted to lead to a benign or unknown phenotype, and 
to estimate the incidence of MLD (Table 4). Frequencies for each genotype predicted to 
present with a particular subtype of the disease (infantile/late-infantile, juvenile, adult, 
asymptomatic, unknown) were summed to generate incidence estimates of each respec-
tive subtype. Ninety-five percent confidence intervals for each incidence estimate were 
also calculated as described in the “Methods.” We found the analytic method for calcu-
lating 95% confidence intervals closely matched values obtained through numeric simu-
lation (Additional file 10: Table S9 and Additional file 4: Fig S3), and report those values 
in Table 4. Numeric, or bootstrapping, simulations were carried out as described previ-
ously, substituting the phenotype matrix method for calculating disease incidence [22].

Using patient-based severity assignments, the estimated incidence of MLD was 1  in 
310,996 births when using overall allele frequencies (Fig.  5B). For the subpopulations 
defined in gnomAD, the estimated MLD frequency was higher in the NFE population 
(1  in 122,395) and lowest in the Ashkenazi Jew population (1  in 13,759,963). Using 
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activity-based severity, the estimated overall incidence of MLD was 1 in 185,365, repre-
senting a 67.8% increase in the incidence based on patient-based severity. The estimated 
incidence of MLD in the NFE population based on activity-based severity was 1  in 
83,277, representing a 47.0% increase in the incidence estimate based on patient-based 
severity assignments. For all other subpopulations in gnomAD other than the Ashke-
nazi population, an increased incidence of MLD was predicted when taking into account 
the additional information of VUS provided by activity-based severity assignments com-
pared with patient-based severity putting into context the contribution of VUS to dis-
ease burden. Using activity-based severity assignments, the predicted incidence of MLD 
in the Ashkenazi Jew population was zero.

The predicted incidence of GUS or unknown phenotypes due to a genotype contain-
ing one or two ARSA VUS is especially important when one considers NBS for MLD 
among large populations. It was found that, in general, populations in which MLD was 
estimated to have the lowest incidence using patient-based severity assignments also 
had the highest estimated incidence of GUS (Fig. 5B and Additional file 7: Table S6). The 
exception to this was the Latino population which had a lower incidence rate than the 
East Asian population, but also had a lower incidence of GUS. The African subpopula-
tion had the highest estimated rate of GUS (1  in 1500), whereas the Finnish subpopu-
lation had the lowest estimated rate of GUS (1  in 146,251). It was estimated that the 
overall incidence of GUS was 1 in 11,636 using patient-based severity assignments.

With the use of activity-based severity assignments, there was a decrease in predicted 
GUS incidence. In all subpopulations in gnomAD other than the Finnish subpopulation, 
there was a > 97% decrease in the incidence of GUS (Additional file 7: Table S6). For the 
overall allele frequencies in gnomAD, the estimated incidence of GUS dropped from 1 in 
11,636 births to 1 in 798,907 births when using activity-based severity assignments. The 
greatest decrease in GUS (99.9%) was found in the African subpopulation in gnomAD, 
with an estimated rate of 1 in 2,147,029.

Contribution of mutations that are not present in gnomAD

As more individual genomes from the population are sequenced, more mutations will 
be identified in ARSA, yet new variants will be rarer and rarer, contributing little to the 
expected incidence of GUS in MLD. It may be argued that the combined frequency of 
singletons and unobserved variants in a population, given a set of mutations already 
identified in a reasonably large sample of sequenced individuals, is a function of the de 
novo mutation rate and the length of that gene. To put the contribution of unobserved 
mutations and singletons into context, the de novo mutation rate estimate for ARSA for 
missense (1.57E − 05) and splice site (4.04E − 07) mutations may be used [24]. Com-
bined, these two mutation classes would be estimated to contribute de novo mutations 
to the population with a frequency of 1.61E − 05. In contrast, the combined allele fre-
quency of missense VUS in gnomAD is 3.30E − 03.

While we have shown the incidence of GUS is decreased by assaying the activity of 
variants identified in gnomAD, it is still important to estimate the frequency at which 
mutations absent from gnomAD will be observed in an NBS scenario. In this situation, 
we assume that molecular screening is carried out in newborns who are flagged as hav-
ing abnormal blood sulfatide levels and ARSA activity. Individuals with a GUS (two 



Page 23 of 35Trinidad et al. Genome Biology          (2023) 24:172  

previously unobserved variants, or a previously unobserved variant paired with one of 
known significance) would need more detailed follow-up compared with individuals 
with two variants of known significance.

We simulated the frequency at which new mutations would be observed in molecularly 
screened individuals by iteratively generating “patients,” or individuals with two patho-
genic mutations. This was done by drawing, with replacement, two mutations weighted 
by their frequency in gnomAD to generate patient genotypes. Variants were weighted 
by dividing the frequency of each mutation by the sum of the allele frequency of each 
mutation being considered. The iteration, or patient, at which each additional mutation 
was first observed was noted. Patients were generated until each pathogenic mutation 
was observed at least once. The number of patients needed to identify the 1…nth =|gno-
mAD| mutation was averaged by carrying out  105 different simulations. For this simula-
tion, we defined the set of variants as those annotated as severe, moderate, or mild in 
the “finalized severity” column of Additional file 3: Table S3 using their allele frequency 
from each subpopulation defined in gnomAD.

As expected, the first mutation was identified when the first patient was screened 
for each population. Considering allele frequencies from gnomAD overall, on average, 
it took 1.12 patients to identify the next variant, reflecting the likelihood that the first 
MLD patient will be heterozygous. As more individuals are screened, novel mutations 
will be encountered less frequently; on average, one will screen 90 individuals between 
the 49th and 50th novel mutations, and 591 between the 99th and 100th novel mutations 
encountered.

This simulation modeled the rate at which known mutations in gnomAD would be 
observed in an NBS scenario. To extend this trend to variants not included in gnomAD, 
we used piecewise cubic interpolation to fit a curve to the average number of patients 
screened to observe 1…n =|gnomAD| mutations, then predicted the number of patients 
screened to observe additional variants. The number of mutations with non-zero 
allele frequencies in each subpopulation in gnomAD, as well as the number of patients 
screened before encountering a novel mutation, is shown in Additional file 11: Table S10. 
We estimated, using overall allele frequencies, that one will have to screen 606 patients 
before identifying the n + 1 = 106th novel mutation not found in gnomAD. This assumes 
that these alleles are randomly assorted from generation to generation. Values will 
vary greatly when considering each subpopulation. For example, when using allele fre-
quencies from the Ashkenazi population, only 3.48 patients on average will need to be 
screened before identifying a mutation not in gnomAD, but there were only 3 mutations 
with non-zero allele frequencies in gnomAD in this population, and MLD is predicted 
to be virtually non-existent in this population. A similar trend was observed in the Finn-
ish, African, and Latino populations. Novel variants would be identified after screening 
a small number of patients, but the incidence of MLD in these populations is expected 
to be low. This implies that while novel mutations in patients will be common, when 
patients are actually identified, they would still be encountered only after a very large 
number of births in the population overall. On the other hand, in the NFE population, 
62 variants were considered, and it is estimated to take 411 screened patients on aver-
age before a novel mutation is encountered. We expect the incidence of MLD to be the 
greatest in this population (1 in 83,277). Dividing the rate at which novel alleles would be 
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encountered in MLD patients by the expected incidence, we estimate that novel alleles 
on average would be encountered only in 1 in 34,226,847 births overall.

These estimates relied on the assumption that the most common pathogenic variant 
in each of these subpopulations has been identified already, and that the subpopulation 
is represented in gnomAD by a sufficient number of individuals so as to accurately esti-
mate its allele frequency. Even when assuming random mating, overall allele frequencies 
still do not reflect the overall proportion of each subpopulation and are heavily biased 
toward NFEs.

Discussion
We set out to develop a more comprehensive understanding of genotype–phenotype 
relationships in MLD patients in order to better interpret sequence data as a part of the 
process for NBS, as well as post-NBS patient follow-up, for MLD. NBS for MLD patients 
is of critical importance since the clinical experience to date suggests that patient out-
comes are improved only when treatment is initiated prior to the onset of symptoms [1, 
5–7].

We present a two-part analysis of genotype–phenotype relationships for MLD, using 
both data from the patient literature and a high-throughput cellular model for the 
quantification of ARSA enzymatic activity by liquid chromatography–tandem mass 
spectrometry (LC–MS/MS). The results of these analyses informed the development 
of a phenotype matrix; a look-up table that serves as a tool to predict MLD phenotype 
based on a patient’s ARSA alleles. An important feature of the phenotype matrix is that 
it accounts for a class of variants, which we refer to as “mild,” that may result in a disease 
phenotype in some instances, for example, when paired with a “moderate” or “severe” 
mutation, but may have a low probability of causing a disease phenotype when paired 
with another “mild” mutation. We provide evidence that p.R86Q and p.I181S may be two 
such “mild” mutations in ARSA, and believe this phenomenon is not unique to MLD. For 
example, in Pompe disease, the most frequent mutation in the GAA  gene in patients is 
the c.-32-13  T > G splicing variant [25–27]. This mutation is almost exclusively found 
in later-onset Pompe disease and is frequently paired with variants known to have little 
to no residual acid alpha-glucosidase (GAA) activity [25]. To date, only a small num-
ber of patients who are homozygous for the c.-32-13 T > G variant have been reported, 
although, based on an allele frequency of roughly 0.5% in the NFE population, homozy-
gous individuals should occur at an incidence of 1 in 40,000 births and be the most com-
mon genotype in Pompe disease [25, 28, 29]. The various presentation of patients with 
homozygous c.-32-13 T > G variants may be attributed to modifying genes, other GAA  
variants, or environmental factors [28], and therefore long-term follow-up studies are 
required. Variants in other genes associated with autosomal recessive disease exhibit 
similar behavior: p.Y201C in ARSB (mucopolysaccharidosis (MPS) VI) [30, 31]; p.G269S 
in HEXA (Tay–Sachs disease) [32]; p.R229Q in NHPS2 (nephrotic syndrome) [33, 34]; 
p.C759F in USH2A (found in the homozygous state in retinitis pigmentosa patients, but 
not Usher syndrome [35]; and p.A138E in TMPRSS3 (non-syndromic hearing loss and 
deafness) [36]. It should be noted that, while we believe there is a low probability that 
individuals with two “mild” variants associated with an autosomal recessive disease will 
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have a phenotype, it does not rule out the possibility that symptoms are so mild they go 
unrecognized, or patients are diagnosed with a different disease. Indeed, several cases of 
adult-onset MLD have initially been characterized as Alzheimer’s disease [37, 38]. Cur-
rent ACMG guidelines can lead to conflicting interpretations of pathogenicity in ClinVar 
for “mild” variants, as they can satisfy strong criteria for being benign by having non-
segregation with disease (ACMG criteria BS4 for classifying benign variants) in homozy-
gous individuals in spite of frequently being identified in trans with a pathogenic variant 
in patients (ACMG criteria PM3 for classifying pathogenic variants) [14].

Among the results from this study, a few points stand out. First, we observed that 
36% of VUS tested in our assay had levels of enzymatic activity that were consistent 
with potentially being pathogenic. More importantly, 26% of the tested VUS displayed 
ARSA activity in the 0–3% range and are thus predicted to be severe. This argues that 
NBS based on first-tier whole genome sequencing would miss a substantial number 
of MLD patients. This is also apparent from the fact that the incidence of MLD using 
patient-based severity assignments was estimated to be 1 in 122,395, and increased to 1 
in 83,277 (closer to the current estimated value of about 1 in 40,000–100,000) only after 
inclusion of VUS predicted to be pathogenic by our ARSA activity data [2].-

Second, by testing the set of VUS contained in gnomAD, we generated biochemical 
data for the vast majority of mutant ARSA alleles in the population. In fact, the esti-
mated incidence of GUS (genotypes of unknown significance) was reduced by 98% in 
almost every subpopulation represented in gnomAD. When taking into account vari-
ation not represented in gnomAD, we show that such alleles will be increasingly rare 
and will be encountered infrequently in a NBS scenario. For example, we estimate that 
alleles not tested in this publication will be encountered in only 1 in 34,226,847 births in 
the NFE population. Finally, using patient-based severity of alleles, it was found that the 
MLD phenotype can be predicted from the genotype with up to 76% accuracy.

However, we also note that our approach has several limitations. First, the effects of 
other modifiers, both genetic and biochemical, on ARSA activity are not accounted for 
in both activity-based and patient-based models. For example the well-known ARSA 
pseudo-deficiency allele, c.*96A > G, is reported to reduce ARSA activity to 10% of con-
trol in  vivo [23, 39, 40]. Although pseudo-deficiency variants are not, by definition, 
pathogenic, c*96A > G is common enough to have been observed in cis with pathogenic 
variants in MLD patients where it may exacerbate the MLD phenotype in unexpected 
ways [41, 42]. A similar finding has also been described in Krabbe disease [43]. Such 
additive genetic effects may also explain some of the discrepancies between the severity 
predicted by the patient-based severity analysis and clinical observation, and the high 
entropy seen for certain genotypes. As evidenced by the data on the p.E384K variant, 
our assay will overlook the impact of variants on splicing when using the CDS construct. 
We propose a genomic construct that can be utilized to detect splice modulating vari-
ants; however, it is only suitable for genes within the packaging capacity of the pUC57 
plasmid. RNA sequencing may be another useful and complementary tool in this sce-
nario. Last, although HEK293 is a human cell line, it is not an exact replica of the dis-
ease-relevant cells or tissue.

Together, these results suggest genetic and biochemical data complement each 
other, and we propose both strategies be used in tandem, with the LC–MS/MS-based 
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biomarker and enzymatic assays as the first-tier and second-tier assays for MLD NBS, 
followed by genetic testing. We demonstrate that combining these methods increases 
diagnostic yield and minimizes false negatives. For instance, VUS can be characterized 
with our biochemical assay and previously classified pathogenic variants that exhibit 
spuriously high activity would be detected through sequencing patients. Additionally, it 
is hoped that, following further validation, the genotype data within this article could 
be considered together with biochemical and clinical data from diagnosed patients, to 
better guide follow-up and treatment strategies individualized toward patients’ needs 
and expected disease progression. The strategy we present may also be of value to other 
recessive rare disorders.

Conclusions
We applied a LC–MS/MS assay of ARSA enzymatic activity to variants curated from 
multiple sources and observed evidence that 36% of VUS may be pathogenic. We also 
developed a phenotype matrix that can be used as a tool to help predict the severity 
of MLD based on a patient’s ARSA genotype. When applied to the test set of clinically 
reported MLD patients, the tool displays an accuracy of 76% accuracy. Our strategy is 
applicable to other recessive diseases and provides a step forwards in VUS interpreta-
tion during NBS. By combining biochemical and genetic information, we show that 
diagnostic yield can be increased, through the reclassification of false negatives and 
characterization of VUS, which in turn can support the timely diagnosis of patients. 
For a heterogeneous progressive disease such as MLD, an understanding of geno-
type–phenotype relationships and a prompt diagnosis are key to initiating appropri-
ate disease management and planning for the patient’s future needs.

Methods
Curation of a patient data set from the literature

Data were collated on all ARSA pathogenic variants recorded in ClinVar (https:// www. 
ncbi. nlm. nih. gov/ clinv ar/) on March 8, 2021, by undertaking the union of all ClinVar 
annotations with ARSA variant information from patient literature [2, 4, 9, 11, 12, 
23, 38, 41, 42, 44–83]. ClinVar is a comprehensive archive of human genetic variants 
and their corresponding interpretations of clinical significance or disease involve-
ment. The data set included 489 cases from 49 articles published between 1991 and 
2020. Mutational nomenclature was standardized to ARSA’s current Human Genome 
Variation Society coding (HGVSc) convention, corresponding to reference sequences 
NM_000487.5 and NP_000478.3 [23]. However, some publications reported geno-
types in a mixture of nomenclatures, which index outdated versions of ARSA’s genetic 
and protein sequences. To standardize each variant reported in the literature, we used 
TransVar to validate variant coordinates and convert them to match NM_000487.5 
and NP_000478.3, if necessary [84]. We also performed a Google Scholar search for 
“MLD,” “ARSA,” “ASA,” “arylsulfatase A,” and “metachromatic leukodystrophy” on 
May 6, 2020, to capture further ARSA variants. This data set will be referred to as the 
curated patient data set.

https://www.ncbi.nlm.nih.gov/clinvar/
https://www.ncbi.nlm.nih.gov/clinvar/
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Data on age of onset and severity of MLD were also recorded, based on the litera-
ture. If phenotype was not recorded in the literature, patients were categorized into 
three groups by age of onset: infantile/late-infantile (0 up to 2.5 years), juvenile (2.5 to 
16 years), and adult (over 16 years) [1]. We assume that an earlier age of onset is asso-
ciated with a more severe disease phenotype, with infantile/late-infantile MLD cat-
egorized as the most severe. Fifteen duplicates were identified in the literature, and 
only data from the most recent publication were included for these cases.

Variant frequencies in the curated patient data set were compared with population-
wide allele frequencies in gnomAD (version  2.0.1). Clinical significances of variants 
according to ClinVar were reported using distinct terms (which describe variant path-
ogenicity with varying degrees of certainty), and all ClinVar annotations referenced in 
this study are as previously defined [14]. While ClinVar annotates variants according 
to their pathogenicity, it does not provide information on how severely each muta-
tion may impact the function of the gene in which they occur. Data from the curated 
patient data set and from our mass spectrometry-based assay were used to assign 
patient-based severity and activity-based severity to variants respectively.

Construction of ARSA variants for enzyme activity assays

Site-specific mutagenesis of the ARSA consensus coding sequence (CCDS Database: 
14,100.2) in a pUC57 plasmid was performed by GENEWIZ LLC (South Plainfield, NJ, 
USA). ARSA was under the control of a cytomegalovirus (CMV) promoter, and the con-
trol coding sequence, BLA, was reverse-orientated and under the control of an elonga-
tion factor  1 (EF1)-alpha  promoter. The cDNA construct map is shown in Additional 
file 4: Fig S4. Mutations were also made in the same plasmid construct containing the 
genomic ARSA transcript (ENST00000216124.5). All constructs were verified via DNA 
sequencing.

CRISPR/Cas9 knockout of ARSA in HEK293T cells

Synthego (Redwood City, CA, USA) generated a monoclonal ARSA knockout cell line, 
disrupting ENSG00000100299 in HEK293T cells using guide RNA with the sequence 
CGG CCG GCT CCC GGT TCG GA. Cells were cultured at 37 °C, with 5%  CO2, in high-
glucose Dulbecco’s modified Eagle’s medium (DMEM) (Invitrogen, Waltham, MA, 
USA) supplemented with 10% (v/v) fetal bovine serum (FBS) (VWR, Radnor, PA, USA), 
1X  Pen-Strep (Gibco, Waltham, MA, USA), and 1X  GlutaMAX-I™ (Gibco). Genomic 
analysis of ARSA sequences from HEK293T clones using the Inference of CRISPR Edits 
algorithm (ICE, v2.0) identified a homozygous, four-base-pair deletion in exon 2 (Addi-
tional file 4: Fig S1). Knockout of endogenous ARSA activity was confirmed by the mass 
spectrometry assay detailed in the next section. The cell line was authenticated and free 
of contamination.

Transfection of ARSA variants and enzyme activity assay

Transfections were performed in triplicate (three wells) into HEK293T ARSA knockout 
cells, using a 96-well Shuttle Nucleofector (Lonza, Basel, Switzerland) with a Microlab 
STAR liquid-handling robot (Hamilton Robotics, Reno, NV, USA). Briefly, 500  ng of 
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plasmid per 3 ×  105 cells was transfected using Amaxa solution SF (Lonza) and program 
CA-138. Three days after transfection, cells were washed twice with 200 µL 0.9% saline 
and flash frozen at − 80  °C. Cells were harvested by adding 60 µL lysis buffer (20 mM 
Tris–HCl, 2.5 g/L CHAPS, pH 7.5 ± 0.02) followed by agitation on an orbital shaker for 
15 min at room temperature. The plate was centrifuged at 3000  g for 15 min, and the 
supernatant was collected for bicinchoninic acid (BCA) total protein (Thermo Fisher 
Scientific, Waltham, MA, USA), BLA, and ARSA activity assays.

BLA activity was determined by measuring hydrolysis of  d7-penicillin  G (Toronto 
Research Chemicals, Toronto, ON, Canada) to  d7-5R,6R-benzylpenicilloic acid. The BLA 
assay cocktail consisted of 200 µM  d7-penicillin G substrate and 5 µM 5R,6R-benzylpen-
icilloic acid internal standard in BLA assay buffer (50 mM Tris–HCl, pH 7.5 ± 0.02). Cell 
lysate supernatant (10 µL) was combined with BLA assay cocktail (30 µL). The plate was 
sealed, centrifuged at 3000 g for 1 min, and agitated at 37 °C for 1 h. The reaction was 
quenched with 150 µL acetonitrile, and the plate was centrifuged at 3000  g for 5 min. 
Supernatant (75 µL) was combined with 75 µL water, and the amount of enzyme prod-
uct  (d7-5R,6R-benzylpenicilloic acid) generated during the reaction was quantified using 
the internal standard, 5R,6R-benzylpenicilloic acid. LC–MS/MS analysis was carried 
out on a Xevo  TQ mass spectrometer coupled to an Acquity ultra-performance liq-
uid chromatography system (Waters Corporation, Milford, MA, USA). Separation of 
the enzyme product and substrate was achieved using an ACQUITY HSS  T3 column 
(1.8 µm, 2.1 × 50 mm, Waters Corporation) connected to an ACQUITY HSS T3 Van-
Guard pre-column (1.8 µm, 2.1 × 5 mm, Waters Corporation) at 40 °C. Mobile phase A 
was water with 0.1% formic acid, and mobile phase B was acetonitrile with 0.1% formic 
acid. The weak needle wash was 90:10 (v:v) water:acetonitrile with 0.1% formic acid, and 
the strong needle wash was acetonitrile with 0.1% formic acid. The flow rate was 0.8 mL/
min, and the linear gradients were as follows: 0–0.2  min, 10% solvent  B; 0.2–1.2  min, 
10–45% solvent B; 1.2–1.4 min, 45–100% solvent B; 1.4–1.7 min, 100% solvent B; 1.7–
1.71 min, 100–10% solvent B, 1.71–2.0 min, 10% solvent B. 5R,6R-benzylpenicilloic acid 
and  d7-penicillin G were eluted at 0.98 and 1.32 min, respectively. The enzyme product 
and internal standard were detected by multiple reaction monitoring using the following 
transitions: 360.4 > 160.0 and 353.3 > 160.0. The cone voltage and collision energy were 
20 and 15 V, respectively. BLA activity in cell lysate (nmol/h/mg protein) was calculated 
by multiplying the ion ratio of BLA product to BLA internal standard (blank subtracted) 
by the nanomoles of internal standard added to the assay (nmol), then dividing by the 
incubation time (h) and the amount of protein (mg).

ARSA activity assays and activity calculations were performed as previously described 
[4]. Normalized ARSA activity in cell lysate was calculated by dividing the ion ratio of 
ARSA product to ARSA internal standard (blank subtracted) by the ion ratio of BLA 
product to BLA internal standard (blank subtracted). Data from activity assays were 
used to assign activity-based severity to variants. Variants with known severities and 
functional impacts from literature were used as controls on each plate (benign variant 
p.P220L, mild variant p.R290H, and the wild-type construct) to ensure assay consistency 
across batches.
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Derivation of the phenotype matrix and variant severity definitions

Data from curated patients, gnomAD, and ClinVar data were combined with enzyme 
activity data to generate a phenotype matrix and define a ruleset for classifying vari-
ants by severity. In this process (described in the “Results” section) ARSA variants were 
classified as severe, moderate, or mild according to the phenotype they were associated 
with. This model enforces that disease severity is a function of residual ARSA activity, 
and in turn, that residual ARSA activity is a function of the activity of each individual 
ARSA allele.

Estimation of genotype and phenotype incidence and confidence intervals

In order to model MLD, we defined three sets of variants: severe, moderate, and mild. 
For each set of variants, we estimated the combined probability ( ̂p ) and variance (Var) 
within our data set, using a modification of previously described methods [22]. While it 
is possible that variants co-occur in any possible combination, we simplified the calcula-
tion of the combined frequency of alleles in the population by assuming that variants do 
not co-occur on the same copy of ARSA and sum their frequencies. For example, using 
the “moderate” category as an example we calculated the overall frequency of this cat-
egory of variants as:

Similarly, the variance in the frequency of this set of variants is represented as the 
sum of each individual variant’s variance:

Given the phenotype matrix, we calculated the expected incidence and variance of 
each phenotype.

Again, under our model, we assumed one variant per allele (i.e., mutations were not 
allowed to co-occur in cis). The infantile/late-infantile phenotype, for example, results 
from patients that possess one severe mutation on each allele. The incidence of infan-
tile MLD was therefore calculated as:

The variance in infantile/late-infantile incidence was calculated as:

The juvenile phenotype is the result of a severe mutation appearing in the trans 
compound heterozygous state with a moderate mutation. The expected incidence of 
the juvenile phenotype was calculated as:

The variance was:

p̂[Moderate] =
∑

v∈Moderate

p̂[v]

Var[Moderate] =
∑

v∈Moderate

Var[v]

E[Infantile] = p̂[Severe]2

Var[Infantile] = 2

((
Var[Severe]+ p̂[Severe]2

)2
− p̂[Severe]4

)

E[Juvenile] = 2p̂[Severe]p̂[Moderate]
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The adult form of MLD occurs as the result of having a moderate mutation in each 
of the two copies of ARSA or when a mild and a severe mutation occur in trans. Its 
estimated incidence was calculated as:

The variance in the expected adult incidence rate was then calculated as the sum of 
the variance in the expected incidence of individuals with two moderate mutations 
and those compounds heterozygous for a severe and a mild mutation:

where Var[Moderate, Moderate] was calculated as:

and Var[Severe, Mild] was calculated as:

Although the variance in the infantile/late-infantile and juvenile incidence estimates 
could be added, there are mutations that contribute to the adult phenotype and both 
the infantile/late-infantile and the juvenile phenotype. Because of this, these calculations 
were not independent. It was therefore not possible to obtain the overall variance in dis-
ease incidence by simply summing the variance of each phenotype.

Calculating the overall variance in incidence from gnomAD was simplified by first cal-
culating the variance in the expected incidence of individuals who are compound het-
erozygous for a severe and a moderate mutation:

The variance in the expected incidence of individuals who are compound heterozy-
gous for a severe and a moderate or mild mutation could then be calculated as:

The variance in the infantile/late-infantile phenotype and the moderate/moderate phe-
notype could then be added, along with twice their respective covariance values:

With each covariance calculated as:

and

Var[Juvenile] = 4
(((

Var[Moderate]+ p̂[Moderate]2
)
×

(
p̂[Severe]2

))
−

(
p̂[Moderate]2 × p̂[Severe]2

))

E[Adult] = p̂[Moderate]2 + 2p̂[Severe]p̂[Mild]

Var[Adult] = Var[Moderate,Moderate]+ Var[Severe,Mild]

Var[Moderate,Moderate] = 2

((
Var[Moderate]+ p̂[Moderate]2

)2)
− p̂[Moderate]4

Var[Severe,Mild] = 4
(((

Var[Severe]+ p̂[Severe]2
)
×

(
Var[Mild]+ p̂[Mild]2

))
−

(
p̂[Severe]2 × p̂[Mild]2

))

Var[Severe,Moderate] = 4
(((

Var[Severe]+ p̂[Severe]2
)
×

(
Var[Moderate]+ p̂[Moderate]2

))
−

(
p̂[Severe]2 × p̂[Moderate]2

))

Var[Severe(Mild +Moderate)] = 4(Var[Severe,Mild]+ Var[Severe,Moderate]

+2E[Moderate]E[Mild]Var[Severe])

Var[Overall] =Var[Severe(Mild,Moderate)]+ Var[Infantile]

+ Var[Moderate/Moderate]+ 2Cov[Severe(Mild +Moderate), Infantile]

+ 2Cov[Severe(Mild +Moderate),Moderate/Moderate]

Cov[Severe(Mild +Moderate), Infantile] = 2E[Severe]Var[Severe]2E[Mild +Moderate]
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Leveraging the equations above and variant allele frequencies across multiple popula-
tions, the incidence of each MLD subtype was calculated from the patient-based sever-
ity, activity-based severity, and finalized assay severity assignments within Table 4 and 
Additional file 10: Table S9. Ninety-five percent confidence intervals (CIs) are provided 
for the incidence of each form of MLD, as previously described [22].

Supplementary Information
The online version contains supplementary material available at https:// doi. org/ 10. 1186/ s13059- 023- 03001-z.

Additional file 1: Table S1. Curated patient data set. Variants, age of onset, and severity phenotypes are shown 
for MLD patients curated from the literature. Nomenclature for ARSA variants has been updated, and for papers 
using the previous annotation system a +2 amino acid or +6 nucleotide coordinate shift has been applied. Cases 
for which this coordinate shift has been used are labeled in the Comments column. ARSA, arylsulfatase A; HGVSc, 
Human Genome Variation Society coding variant; HGVSp, Human Genome Variation Society protein variant.

Additional file 2: Table S2. Tabulated genotypes. Consolidation and summary of all genotypes from curated MLD 
patients. For each genotype, the breakdown of all associated phenotypes in the literature is provided. Entropy, a 
measure of phenotypic variability for a genotype, and the phenotype matrix’s accuracy in predicting phenotypes are 
also included. ARSA, arylsulfatase A; CDS, coding sequence.

Additional file 3: Table S3. Comprehensive variants. Summary of all variants present in the curated patient data 
set, all variants from gnomAD, and novel variants reported by MLD Foundation or NBS. All columns are described 
in the table legend. CDS, coding sequence; GRCh37, Genome Reference Consortium Human Build 37; SNP, single 
nucleotide polymorphism; WT, wild-type.

Additional file 4: Fig S1. Disruption of ARSA by CRISPR/Cas9. ICE data showing a four-base-pair deletion in exon 2 
of ARSA produced by HEK293T cells. ARSA, arylsulfatase A; CRISPR, clustered regularly interspaced short palindromic 
repeats; ICE, Inference of CRISPR edits. Fig S2. Correlation of enzyme activity severities and severities predicted by in 
silico methods. SIFT, PolyPhenand REVELscores for ARSA variants plotted as a function of the percentage of wild-type 
enzyme activity of ARSA variants expressed in HEK293T cells. WT, wild-type. Fig S3. Results of numeric simulation and 
analytically derived confidence intervals for the overall incidence of MLD using “All” allele frequencies in gnomAD. 
Blue bars represent a histogram of observed incidence rates from numeric simulation. Dashed red lines represent 
the upper and lower empirical 95% confidence intervals for the distribution generated by numeric simulation. The 
black dashed line represents the mean of the distribution generated by numeric simulation. The grey curve repre-
sents the beta approximation of the binomial distribution calculated using the equations for variance described in 
Methods. Red solid lines represent the analytically defined 95% confidence intervals. The black solid line represents 
the expected incidence rate”. Fig S4. cDNA construct map of plasmid pUC57-KAN.blaM.EIF.CMV.ARSA.bGH used for 
site-directed mutagenesis of ARSA. Expression of ARSA by the pUC57 plasmid is driven by the CMV promoter with 
expression of reverse-oriented beta-lactamase driven by an EF1-alpha promoter. ARSA, arylsulfatase A; bGH, bovine 
growth hormone; bp, base pair; CMV cytomegalovirus; EF1, elongation factor 1; EIF, eukaryotic initiation factor; SV40 
simian virus 40.

Additional file 5: Table S4. Enzyme activity of ARSA variants in a CDS construct. Summary of all data used to cal-
culate mean CDS ARSA activity. Variants with negative mean percentage of wild-type activity exhibited lower levels 
of sulfatide catabolism than the plate blank. ARSA, arylsulfatase A; BCA, bicinchoninic acid; BLA, beta-lactamase; 
CDS, coding sequence; HGVSc, Human Genome Variation Society coding variant; HGVSp, Human Genome Variation 
Society protein variant; WT, wild-type.

Additional file 6: Table S5. Enzyme activity of ARSA variants in a genomic construct. Summary of all data used to 
calculate mean genomic ARSA variant activity. Variants with negative mean percentage of wild-type activity had less 
sulfatide catabolism than the plate blank. While multiple VUS in gnomAD and the literature are implicated as splice 
variants, testing all mutants was cost-prohibitive. We triaged variants for testing using the criteria listed in ‘Rationale 
for testing’. These results provide proof-of-concept for screening in genomic constructs and highlight the technique’s 
utility in identifying cryptic splice variants. ARSA, arylsulfatase A; BCA, bicinchoninic acid; BLA, beta-lactamase; CDS, 
coding sequence; gnomAD, Genome Aggregation Database; HGVSc, Human Genome Variation Society coding vari-
ant; HGVSp, Human Genome Variation Society protein variant; VUS, variant of unknown significance; WT, wild-type.

Additional file 7: Table S6. Percent reduction of genotypes of unknown significance (GUS) with activity-based 
severity data. Burdens for each MLD subtype were predicted using allele frequencies from gnomAD and our 
phenotype matrix. Frequencies of unknown genotypes are reported across various populations. Calculations were 
performed using patient-based severity, as defined by our variant-severity criteria, and repeated using activity-
based severity determined by MS/MS. Both one-in incidences and allele frequencies are provided, and the percent 
reduction in GUS when activity-based severity data are used instead of patient-based severity is shown. Classifying 
VUS by activity-based severity greatly reduces the number of genotypes with indeterminant phenotypes. gnomAD, 
Genome Aggregation Database; GUS, genotypes of unknown significance; MS/MS, tandem mass spectrometry; NFE, 
non-Finnish European; VUS, variants of unknown significance.

Cov[Severe(Mild +Moderate),Moderate/Moderate] = 2E[Moderate]Var[Moderate]2E[Severe]

https://doi.org/10.1186/s13059-023-03001-z
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Additional file 8: Table S7. ClinVar and variant severity. Tabulation of ClinVar annotations and associated patient-
based severity and activity-based severity assignments.

Additional file 9: Table S8. Predicted individual genotype incidence rates in all populations. The expected 
incidence of an individual genotype was calculated as the product of the allele frequency of the two mutations 
comprising the genotype for each subpopulation reported in gnomAD. ARSA, arylsulfatase A, CDS, coding sequence

Additional file 10: Table S9. Analytical analysis of disease burden. Burdens for each MLD subtype were predicted 
using allele frequencies from gnomAD and our phenotype matrix. Calculations were performed using patient-based 
severity, as defined by our variant-severity criteria, and repeated using activity-based severity determined by MS/
MS. 95% percent confidence intervals were calculated using the analytical method, except for the “Unknown” and 
“Asymptomatic” incidence rates, which rely on 95% confidence intervals calculated through numeric simulation. 
gnomAD, Genome Aggregation Database; MS/MS, tandem mass spectrometry.

Additional file 11: Table S10. Number of mutations with non-zero allele frequencies in each subpopulation in 
gnomAD. Number of patients screened before encountering a novel mutation are also shown by subpopulation. 
gnomAD, Genome Aggregation Database.

Additional file 12. Review history.
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