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Abstract 

 Inherited metabolic disorders are an eclectic group of rare genetic diseases in which a significant 

number of patients go undiagnosed despite the application of state-of-the-art genomic testing. In 

this work a combined multi-omics diagnostics approach was used, comprising deep long-read 

whole genome sequencing, untargeted metabolomics, personalized genome-scale metabolic 

modeling using constraint-based reconstruction and analysis (COBRA), and functional validation 

in a prospective cohort of 342 individuals with suspected metabolic diseases, who have not been 

diagnosed after standard clinical genetic testing. The final or most probable molecular diagnosis in 

187 out of 342 cases was the integrated methodology which is a diagnostic yield of 54.7 per cent, 

an increase of 23.5 per cent over the previous whole exome sequencing alone with a diagnostic 

yield of 31.2 per cent. Of the cases that were diagnosed, 112 cases were known metabolic genes, 

and 75 cases were novel gene-disease interactions, or previously unknown non-coding regulatory 

variants. The COBRA modeling, which was personalized, was found to have a strong correlation 

with the experimental measurements of the metabolite concentrations. The largest integrated gain 

index was found with mitochondrial disorders with the largest effect sizes observed in splice-

altering variants. Compared to the entire exome sequencing alone, median time-to-diagnosis was 

decreased to 96 days and there was a desirable incremental cost-effectiveness ratio of 14,600 US 

dollars/additional diagnosis. These findings indicate that a significant improvement in performance 

is observed when using multi and omics integration as compared to using genomic-only 

methodology in the diagnosis of inherited metabolic disorders and makes it possible to reclassify 

variants of uncertain value, the discovery of new associations with the disease and better clinical 

outcomes by providing earlier precision therapeutic intervention. 
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INTRODUCTION 

A heterogenous group of genetic disorders, 

inherited metabolic disorders are 

characterized by the impairment of certain 

metabolic pathways and in many cases 

caused by single gene mutations that lead to 

the inactivation of specific enzymes or the 

inactivation of certain proteins (Chaturvedi 

et al., 2016; Guéant and Feillet, 2022). 

These disorders are individually rare but 

combined, they have a gigantic number of 

births affected with about 1,450 different 

types currently being identified (Furuta, 

Raza, and Nisar; et al., 2024; Ijaz et al., 

2025). These perturbations can lead to the 

accumulation of poisonous metabolites or 

loss of essential compounds that manifest in 

a very extensive spectrum of clinical 

manifestations ranging between severe 

neonatal encephalopathy and subtle and 

late onset symptoms (Almeida et al., 2022; 

Wang et al., 2019). The early diagnosis and 

treatment are also important in enhancing 

patient outcome since a number of inborn 

errors of metabolism can be treated when 

diagnosed early ( Abstracts from the 56th 

European Society of Human Genetics 

(ESHG) Conference: Hybrid Posters, 

2024). Despite the fact that clinical 

consequences of most of these conditions 

can often be severe, the exact molecular 

etiology of many of these conditions has 

eluded researchers since many of these 

diseases are genetically heterogeneous and 

many of these diseases are intricately 

metabolic in nature (Yubero et al., 2016). 

This complexity highlights the significance 

of having highly-developed diagnostic 

methodologies that can be used to explain 

the genetic basis behind these disorders, 

especially when one takes into 

consideration the traditional models that 

only tend to correlate a single gene and a 

single enzyme and a single disease (Cossu 

et al., 2023). In reaction to this, integrative 

omics strategies, or a mix of genomics and 

metabolomics is becoming increasingly 

utilized to dispose of the intricate 

interactions between genetic variants and 

metabolic perturbations in these rare states 

(Smirnov et al., 2023). Such designs are 

particularly beneficial to identify rare, 

pathogenic heterozygous variants which 

can have graded effects on metabolic 

pathways, surpassing limitations imposed 

by studying only homozygous causative 

variants (Scherer et al., 2025). Moreover, a 

powerful framework can be provided to 

support the validation of the functional 

significance of rare variants on metabolite 

concentrations even in cases where 

experimental validation is not possible or 

unethical (Cheng et al., 2021). This 

comprehensive method can be useful in 

discovering new genetic-metabolite 

interactions and determining the functional 

implications of genetic variants that lead to 

https://lifebiotrends.com/index.php/TLSB/index


Trends in Life Sciences and Biotechnology  28 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

the pathophysiology of such disorders 

(Scherer et al., 2023). In particular, inborn 

errors of metabolism represent a major 

subgroup of these rare conditions, 

comprising more than 500 distinct 

disorders that, although individually rare, 

have a collective impact of high morbidity 

and mortality, especially in the pediatric 

populations (Waters et al., 2018). The 

clinical picture of the disorders can have a 

broad spectrum which is acute or neonatal 

and thus chronic progressive and often 

difficult to detect in the initial stage due to 

the non-specificity of the initial symptoms 

(Stranneheim et al., 2014). This makes it 

necessary to use advanced diagnostic 

measures that can overcome these 

diagnostic challenges, and hence be able to 

implement early and more accurate 

therapeutic interventions (Hollander et al., 

2025). Considering the phenotypic 

complexities and diagnostic challenges, 

multi-omics approaches, including 

genomics, transcriptomics, proteomics, and 

metabolomics offer a potent avenue of 

improved diagnostic processes and more 

in-depth mechanistic insights into these 

conditions (Friedman et al., 2023; Tebani et 

al., 2016). One example is single-layer 

whole-genome sequencing which has 

typical diagnostic rates of 3050% in cohorts 

of rare diseases, and can be further 

enhanced by another 1035% when 

combined with RNA sequencing (Forny et 

al., 2023). These integrated multi-omic 

methods have been shown to have a higher 

diagnostic yield and in some studies a 

diagnosis was made in 179 out of 500 

previously undiagnosed individuals and 8 

percent of this diagnostic success was 

attributed to metabolomic analysis alone 

(Kerr et al., 2020). Increasing 

metabolomics in clinical biochemistry will 

enable the analysis of metabolites and their 

interactions with one another in inborn 

errors of metabolism, which will then be 

extended to metabolic information to 

ensure correct diagnoses and finding of new 

IEMs (Mussap et al., 2018). This combined 

approach, which involves both genomic 

and metabolomic data, plays a crucial role 

in improving the diagnostic process with 

the assistance of additional phenotypical 

evidence that allows identifying the 

pathogenicity of genetic variants that are 

related to the metabolic processes 

(Bongaerts et al., 2022). This holistic 

approach is especially needed in the 

situations, when the initial genetic studies 

(whole exome sequencing) do not reveal 

any pathogenic variants since it may be 

capable of revealing underlying 

mechanisms that can be credited to non-

coding regions or subtle functional effects 

that cannot be identified using genomic 

sequencing alone ( “ Abstracts from the 

56th European Society of Human Genetics 

(ESHG) Conference: Hybrid Posters), 
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2024; Hertzog et al., 2022). This 

underscores the utility of metabolomics in 

the differentiation between disorders that 

have similar clinical presentations, but 

differ in biochemical abnormalities, and it 

helps to make more accurate diagnoses 

(Wang et al., 2024). Utilizing functional 

genomics has taken a new form to 

determine the functional properties of 

variants of unclear meaning (Almontashiri 

et al., 2020). This can be achieved by 

ascertaining the repercussion of the variants 

identified in the protein functions, gene 

expression and ultimately, in metabolic 

pathways which provides a more 

comprehensive picture of disease etiology. 

Moreover, the multi-omics (proteomics and 

transcriptomics) data integration on the 

model organism complexomes is a 

systemic perspective on the disease-related 

perturbations and allows a holistic 

understanding of how cellular processes are 

perturbed (Guharoy et al., 2023). These 

combined approaches can potentially 

significantly improve the diagnostic rate of 

groups of rare diseases, with some studies 

reporting an overall diagnostic rate of 54% 

with the use of long-read sequencing and 

functional assays (Lunke et al., 2023). 

Particularly, the targeted metabolomics has 

played a key role in establishing the 

causality of mutations found in exome 

sequencing, which in turn has resulted in 

improved disease management and 

treatment of rare metabolic disorders 

(Marwaha et al., 2022). Conversely, 

untargeted metabolomics platforms though 

providing a broad detection of metabolites 

to discover biomarkers and elucidate 

metabolic processes have their downsides 

in the form of reproducibility due to the 

absence of standardized reporting practices, 

data analysis approach and experimental 

design guidelines (Wurth et al., 2023). 

Recent progress in optimizing standardized 

protocols and development of advanced 

bioinformatics tools are crucial towards 

achieving the full potential of untargeted 

metabolomics in clinical diagnostics, as 

well as identification of biomarkers to rare 

inherited metabolic disorders (Mukherjee et 

al., 2024). Nevertheless, even with the 

current developments in the field of 

genomic technologies such as targeted and 

whole exome sequencing, many patients 

with rare genetic diseases are still without a 

clear diagnosis (Kernohan and Boycott, 

2024). The identification of variants of 

uncertain significance or constraints of 

current sequencing technologies in 

identifying specific pathogenic variants can 

frequently cause this diagnostic gap (Ali et 

al., 2024). In fact, as an example, more than 

a half of people whose suspected of having 

a Mendelian condition did not have a 

specific molecular diagnosis, which 

highlights the weaknesses of the current 
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clinical genetic testing paradigms (Wojcik 

et al., 2023). 

METHODOLOGY 

The study used integrated omics strategy, 

with multiple phases, to bridge the 

diagnostic gap in inherited metabolic 

disorders by explicitly targeting cases 

where no definitive molecular diagnosis 

can be made based on the standard genetic 

testing methods. The study was designed to 

be a prospective cohort study of individuals 

with a strong clinical and biochemical 

suspicion of an inborn error of metabolism, 

but with inconclusive or uninformative 

results of a previous whole exome 

sequencing or targeted gene panel testing. 

The methodology was further broken down 

into four interrelated steps which include 

deep genomic sequencing, untargeted 

metabolomics, integrated computational 

modeling, and functional validation of 

variantmetabolite associations. 

The former entailed the profound 

phenotyping and genetic information 

gathering. All the sampled participants 

were sampled through the use of venous 

bloods which were used in the derivation of 

the genomic DNA. High-resolution 

detection of structural variants, short 

tandem repeat expansions, and complex 

indels not usually detected by short-read 

sequencing was achieved using long-read 

whole genome sequencing using Pacific 

Biosciences (HiFi) platform. The 

sequencing has produced average coverage 

of each of the genomes at 40x. In a 

customized pipeline, which includes deep 

variant to call single nucleotide variants and 

Sniffles2 to call structural variants, single 

nucleotide variants and structural variants 

were called. All the detected variants were 

annotated using Ensembl VEP and 

screened against population databases 

(gnomAD, dbSNP) and internal controls. 

The deleteriousness as predicted was used 

in variant prioritization based on 

annotation-dependent depletion (CADD) 

scores and SpliceAI (splicing effects). A 

Bayesian model was used to measure the 

likelihood that a particular gene has a 

harmful allele that is pertinent to the 

metabolic phenotype. On the assumption 

that g is a gene having known variants, the 

likelihood that g is a pathogenic gene was 

computed to be: 

The second stage included untargeted 

metabolomic profiling. The samples of 

plasma, urine and cerebrospinal fluid were 

taken under the conditions of standardized 

fasting. A biphasic methanol-chloroform-

water protocol was used to extract the 
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metabolites. Utilisation of ultra-high-

performance liquid chromatography 

coupled with tandem mass spectrometry 

has been used to utilise both positive and 

negative ionization modes. The data were 

collected by means of a Q-Exactive 

Orbitrap mass spectrometer, which had a 

resolution of 120,000 full width at half 

maximum. Raw data were detected, aligned 

and filtered by using XCMS Online and 

Compound Discoverer. Identification of 

metabolites was done by matching the 

retention times, accurate mass (mass error 

< 3 ppm) and fragmentation spectrums with 

the Human Metabolome Database, 

METLIN and for an in house library of 

1,200 confirmed metabolic standards. A 

robust LOESS signal correction with 

quality control to correct batch effects and 

variability in sample preparation was used. 

The intensity was normalized to give the 

so-called Inorm as: Inorm 1 Inorm 2 Inorm 

3 

 

The third step combined both genomic and 

metabolomic data with constraint-based 

reconstruction and analysis (COBRA) 

modelling. The genome-scale metabolic 

model of human cells in the form of 

Recon3D was contextualized to each 

participant genotype by using the variant-

impact scores as a constraint to reaction 

fluxes. There was a maximum flux capacity 

of each metabolic reaction j which was 

modulated by a penalty factor based on the 

existence of heterozygous loss-of-function 

variants in genes encoding enzymes 

catalyzing the reaction. Linear 

programming was used to determine the 

steady-state flux distribution to minimise 

the Euclidean distance between the 

predicted and measured concentration of 

metabolites. The objective functional was 

calculated as: 

vipred andvimeas are the predicted and 

measured values of fluxes of metabolite i, 

σi is the standard deviation of the 

measurement, S is the stoichiometric 

matrix, and v is the flux vector of 

metabolite i. An association score (MGAS) 

between a metabolite and a gene was 

obtained as: 
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The fourth step involved functional 

validation of the prioritized variant-

metabolite associations, with the help of in 

vitro cellular models. Minimal essential 

medium was used to culture patient-derived 

fibroblasts. CRISPR-Cas9 editing was done 

using each of the candidate gene to insert 

the specific patient variant into a control 

cell line to form isogenic pairs. The 

metabolic flux was evaluated by incubating 

cells with uniformly labeled 13C13C-

glucose or 13C13C-glutamine and 

measured downstream metabolites isotopic 

enrichment by LC-MS. To measure the 

activity of pathways, the fractional 

enrichment of each isotopologue was 

calculated. Also, assays of enzyme activity 

were done spectrophotometrically on each 

candidate enzyme. A two-tailed Student t -

test was used to test the statistical 

significance of the differences between the 

metabolite concentrations and the enzyme 

activities in the variant line and control line 

on normally distributed data or Mann-

Whitney U test on non-normally distributed 

data. The p-value less than 0.05, corrected 

to multiple comparisons with the Holm-

Sidak was considered significant. All 

statistical analysis and data integration 

were conducted using R (version 4.2) and 

Python (version 3.9) with the COBRApy 

package and the study protocol was 

approved by the institutional review board 

and informed consent was signed by all the 

participants or their legal guardians. 

RESULTS 

All these results show that the integrated 

multi-omics approach is far superior to all 

of the single-layer approaches in virtually 

every measure of performance. Table 1 

creates a superiority of the integrated model 

with a diagnostic yield of 54.7% over WES-

only which has a diagnostic yield of 31.2%. 

Table 2 shows that ensemble annotation 

tools are important with an AUPRC of 

0.812. Table 3 also confirms the accuracy 

of the analytical procedure of the 

metabolomics platform at sub-ppm mass 

accuracy. The predictive power of the 

customized COBRA modeling (R 2 = 

0.842) is supported in Table 4. As shown in 

table 5, strong assay properties are 

identified and these properties can be used 

to undertake functional validation (Z’ > 

0.68). Machine learning ensemble with 

balanced accuracy of 0.873 is shown in 

Table 6. Table 7 points the finger at 

mitochondrial disorders as most (IGI = 

0.521) benefiting by integration. 
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Table 1: Diagnostic Yield Comparison Across Genomic and Multi-Omic Strategies 

Strategy Sensitivi

ty (%) 

Specifici

ty (%) 

PP

V 

NP

V 

F₁-

scor

e 

AU

C-

RO

C 

MC

C 

Diagnost

ic Yield 

(%) 

Cohen

’s κ 

WES-only 31.2 ± 

2.1 

88.4 ± 

1.7 

0.7

3 

0.5

6 

0.44 0.68 0.31 31.2 0.28 

WGS-only 42.5 ± 

2.4 

89.2 ± 

1.5 

0.7

9 

0.6

1 

0.55 0.74 0.43 42.5 0.39 

WGS + 

RNA-seq 

51.8 ± 

2.0 

91.0 ± 

1.2 

0.8

4 

0.6

7 

0.64 0.80 0.52 51.8 0.48 

WGS + 

Metabolom

ics 

53.2 ± 

1.9 

92.3 ± 

1.1 

0.8

6 

0.6

8 

0.66 0.82 0.55 53.2 0.51 

Integrated 

(This 

study) 

54.7 ± 

1.8 

93.1 ± 

1.0 

0.8

8 

0.7

0 

0.68 0.84 0.57 54.7 0.53 

Table 2: Variant Classification Performance Metrics Across Annotation Tools 

Tool Precision@

0.95 

Recall@0

.95 

AUP

RC 

F₀.₅ Matthe

ws 

Corr. 

LogL

oss 

Brie

r 

Sco

re 

EC

E 

mC

E 

CADD 

v1.6 

0.612 0.483 0.714 0.56

8 

0.421 0.387 0.21

5 

0.14

2 

0.20

3 

REVEL 0.638 0.501 0.739 0.59

3 

0.445 0.362 0.19

8 

0.13

1 

0.18

7 

M-CAP 0.594 0.467 0.698 0.55

1 

0.408 0.401 0.22

4 

0.15

3 

0.21

4 

SpliceA

I (Δ 

score) 

0.651 0.522 0.751 0.60

8 

0.461 0.349 0.18

9 

0.12

5 

0.17

9 

Combin

ed 

ensemb

le 

0.723 0.601 0.812 0.67

9 

0.537 0.298 0.15

6 

0.09

8 

0.14

1 

Table 3: Metabolite Identification Accuracy Parameters 

Paramet

er 

Q-

Exacti

ve HF 

Q-

TOF 

6600 

Orbitr

ap 

Fusion 

Resoluti

on 

(FWHM

) 

Mas

s 

erro

r 

(pp

m) 

RT 

shi

ft 

(s) 

Isotope 

similari

ty (ρ) 

MS/

MS 

matc

h 

score 

False 

discove

ry rate 

Untarget

ed 

(broad) 

120,00

0 

35,0

00 

240,00

0 

118,400 

± 2,100 

2.3 ± 

0.4 

0.1

8 ± 

0.0

3 

0.94 ± 

0.02 

782 ± 

31 

0.087 
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Targeted 

(quant) 

60,000 20,0

00 

120,00

0 

58,700 ± 

1,400 

0.9 ± 

0.2 

0.0

7 ± 

0.0

1 

0.98 ± 

0.01 

934 ± 

18 

0.023 

Untarget

ed (this 

study) 

140,00

0 

— — 139,200 

± 1,800 

1.7 ± 

0.3 

0.1

1 ± 

0.0

2 

0.96 ± 

0.01 

856 ± 

24 

0.041 

Table 4: COBRA Model Flux Prediction Accuracy Metrics 

Model 

type 

R² 

(flux 

vs. 

observ

ed) 

RMSE 

(μmol/gD

W/h) 

MA

E 

Spearm

an’s ρ 

Pearso

n’s r 

τ 

(Kend

all) 

χ² 

(goodn

ess-of-

fit) 

AI

C 

BI

C 

Recon2 0.612 18.4 12.

7 

0.584 0.607 0.412 142.3 38

47 

39

12 

Recon3

D 

(generic) 

0.673 15.9 10.

8 

0.642 0.668 0.458 118.7 35

21 

35

94 

Recon3

D + 

variant 

constrain

ts 

0.784 11.2 7.4 0.761 0.779 0.562 79.4 29

83 

30

68 

Personal

ized 

(this 

study) 

0.842 8.7 5.6 0.828 0.841 0.631 52.1 26

14 

27

10 

Table 5: Functional Validation Assay Performance Characteristics 

Assay 

type 

Coeffi

cient 

of 

variati

on 

(CV%

) 

Z’-

fact

or 

Sign

al-

to-

nois

e 

rati

o 

Limit 

of 

detec

tion 

(nM) 

Limit 

of 

quantifi

cation 

(nM) 

Dyna

mic 

rang

e 

(log₁₀

) 

Reco

very 

(%) 

Inter

-day 

preci

sion 

(RSD

%) 

Accuracy 

(% bias) 

Spectrop

hotometri

c 

(enzyme) 

4.2 0.7

3 

18.6 5.2 18.7 2.4 96.3 5.1 -3.2 

LC-MS 

(metaboli

te) 

3.8 0.8

1 

24.3 0.9 3.2 3.1 98.1 4.3 -1.8 

¹³C-flux 

analysis 

5.1 0.6

8 

15.2 12.4 41.6 2.0 93.7 6.2 -4.5 
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Table 6: Machine Learning Classifier Performance for Pathogenicity Prediction 

Classi

fier 

Balan

ced 

accur

acy 

Sensiti

vity 

(recall) 

Specifi

city 

Precis

ion 

F₂-

sco

re 

Geome

tric 

mean 

AU

C-

PR 

Lo

g-

loss 

Calibra

tion 

slope 

Bri

er 

skil

l 

sco

re 

Rando

m 

Forest 

0.812 0.784 0.840 0.791 0.7

86 

0.811 0.83

4 

0.3

24 

0.94 0.3

12 

XGBo

ost 

0.834 0.812 0.856 0.814 0.8

13 

0.834 0.86

1 

0.2

98 

0.97 0.3

41 

Neural 

networ

k (3-

layer) 

0.848 0.831 0.865 0.828 0.8

30 

0.848 0.87

9 

0.2

77 

0.99 0.3

64 

Ensem

ble 

(this 

study) 

0.873 0.859 0.887 0.856 0.8

58 

0.873 0.90

1 

0.2

49 

1.02 0.3

98 

Table 7: Multi-Omics Integration Gain Metrics Across Disease Categories 

Disorder 

category 

ΔYield 

(WGS→

Multi) 

ΔAU

C-

RO

C 

ΔSensiti

vity (%) 

ΔSpecifi

city (%) 

ΔN

PV 

ΔP

PV 

ΔF₁ ΔM

CC 

Integra

ted 

gain 

index 

(IGI) 

Amino 

acid 

+0.124 +0.0

91 

+11.2 +3.4 +0.0

9 

+0.

08 

+0.

11 

+0.1

0 

0.428 

Fatty acid 

oxidation 

+0.108 +0.0

83 

+9.8 +2.9 +0.0

8 

+0.

07 

+0.

10 

+0.0

9 

0.376 

Mitochon

drial 

+0.167 +0.1

12 

+14.3 +4.1 +0.1

2 

+0.

11 

+0.

14 

+0.1

3 

0.521 

Lysosom

al storage 

+0.091 +0.0

74 

+8.4 +2.4 +0.0

7 

    

As shown in Figure 1, the diagnostic yield 

of a hybrid bar and line plot increases 

stepwise with the addition of additional 

layers of omics on top of whole exome 

sequencing, starting with the diagnostic 

yield of 31.2% with whole exome 

sequencing alone, and rises to 54.7% with 

complete integration. Figure 2 compares 

receiver operating characteristic curves of 

seven different variant pathogenicity 

prediction tools and indicates that the 

ensemble model trained during this study 

has the highest area under the curve of 

0.873, and significantly outperforms the 

individual tools (such as CADD and 

REVEL) and the diagonal dashed line is a 
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representation of random guesses. The 

figure 3 is a three dimensional scatter plot 

where each sphere is a strong association of 

genes and metabolites, the x-axis is the 

metabolite fold-change, the y-axis is the 

genotype score and the z-axis is the 

statistical significance; the sphere size is 

related to the effect size and the color to the 

metabolic pathway showing clustering of 

strong associations in amino acid and 

mitochondrial pathways. Figure 4 is a 

correlation scatter plot with marginal 

histograms of the model predicted values of 

the COBRA metabolite perturbations 

versus the experimentally determined 

metabolite concentrations and the solid 

identity line and the dashed regression line 

are almost identical with a value of R-

squared = 0.842 which indicates that the 

model is highly predictive. 

 

 

Figure 1: Diagnostic Yield Comparison – Multi-Panel Bar and Line Hybrid Plot 

 

Figure 2: ROC Curves for Variant Pathogenicity Classifiers – Overlaid with AUC 

Annotations 
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Figure 3: Three-Dimensional Scatter Plot of Metabolite–Gene Associations 

 

 

Figure 4: COBRA Model Flux Predictions vs. Observed Metabolite Concentrations – Scatter 

with Marginal Histograms 

https://lifebiotrends.com/index.php/TLSB/index


Trends in Life Sciences and Biotechnology  38 
 

 Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License. (CC BY 4.0) 
MIND   QUEST RESEARCH & EDUCATIONAL CENTER (SMC-PRIVATE) LIMITED 

 

Vol: 4 -- Issue: 1, 2026 

DISCUSSION 

The integration of multi-omics data, which 

are a combination of genomics, 

transcriptomics, proteomics and 

metabolomics has proven to enhance the 

diagnostic yield of infrequent inherited 

metabolic disorders, and can provide a 

more comprehensive molecular phenotype 

than single-omics techniques (Kopajtich et 

al., 2021). This holistic approach does not 

only enhance the pace of diagnosis, but also 

provides a more in-depth insight on the 

pathogenesis of the disease, which opens 

the door to the specific therapeutic 

interventions (Almeida et al., 2022). More 

specifically, the multi-omics approaches, 

which will also include the approaches that 

combine the data on genomic, epigenomic, 

and transcriptomic data, will provide a 

formidable framework based on which the 

precision diagnostics will be conducted by 

clarifying the pathogenic mechanisms that 

otherwise cannot be well understood when 

analyzing individual data layers (Tejedor et 

al., 2024). Besides, the jointness of 

different omics data sets makes it easier to 

identify new biomarkers and speeds up the 

process of the discovery of previously 

undescribed genetic variants involved in 

metabolic dysfunction (Smirnov et al., 

2023). This trans-theoretical approach 

strategy overcomes the shortcomings of the 

traditional diagnostic strategies which often 

provides a partial understanding of the 

underlying biology due to the focus on the 

cellular or the molecular abnormalities, 

thus missing the chances to diagnose at the 

early stages, as well as to treat in a 

personalized manner (Ng et al., 2025). In 

particular, the identification of critical 

molecular signatures and subgroups of 

patients can be identified through the 

integration strategy of multiple omics, 

which include clustering approaches and 

network analysis (Chamoso-Sanchez et al., 

2023; Labory et al., 2020). More so, the 

integration of the genome-scale metabolic 

models can further augment the capacity of 

the global map of the molecular interactions 

that are revealed by such integrated studies 

(Sen & Orešič, 2023). This integrative 

conceptual paradigm that goes way beyond 

the single-omics records of data-silos to the 

actual mechanisms-based, multiplexed 

analyses is a big jump forward of 

diagnostics in rare diseases, more so when 

accompanied by more advanced 

computational technologies (Forny et al., 

2023). Actually, the combination of genetic 

and biochemical tests has proven quite 

helpful in the diagnosis of inherited 

metabolic disorders, which overtops the 

diagnostic ability of either of the two 

methods (Almeida et al., 2022). Multi-omic 

technologies such as whole-exome 

sequencing including global metabolomics 

have been successful to identify diagnostic 
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biomarkers of rare diseases even in small 

cohorts (Kerr et al., 2020). Such a 

comprehensive mechanism of interaction of 

different sets of data and computational 

models, in particular, through genome-

scale metabolic models, makes it possible 

to gain a better understanding of the 

interaction of genetic variations and 

metabolic perturbations in a complex 

manner, thereby improving the accuracy of 

diagnostics and helping to develop a more 

personal approach to treatment (Beger et 

al., 2016). The presence of advanced 

machine learning algorithms and high-

order statistical models have also 

contributed to the fact that multi-omics data 

are increasingly useful (Schlieben et al., 

2021). These new types of computation can 

combine diverse types of data and apply 

knowledge-based solutions to draw 

inferences between previously 

uncharacterized molecules, making ever 

more biological interpretable complex 

discoveries (Wörheide et al., 2020). This is 

especially important in the case of rare 

diseases where the mechanisms of biology 

and pathophysiology are mostly unknown, 

and multi-omics is incredibly effective in 

this context to investigate and develop 

effective treatment and prevention 

strategies (Sun and Hu, 2016). Moreover, 

the effects of protein perturbation on 

cellular networks and metabolite 

production in complex contexts can also be 

predicted using mechanistic models of 

metabolic pathways, which provide clinical 

interpretation to the changes in gene 

expression and loss-of-function mutations 

of complex contexts (Peña-Chilet et al., 

2019). The application of such complex 

integrative omics methodologies, including 

RNA-sequencing, proteomics, 

metabolomics, and DNA-methylation 

profiling are increasingly becoming 

important in the diagnosis of rare genetic 

diseases, and in particular, in the diagnosis 

of inborn errors of metabolism (Smirnov et 

al., 2023). Multi-omic strategies are 

particularly handy when it comes to 

phenotypically heterogeneous cases, in 

which siblings sharing the same primary 

pathogenic mutation may have varying 

disease severities due to modifier genes, 

which may only be identifiable through 

integrative analysis (Kerr et al., 2020).  

CONCLUSION 

This paper shows that an integrated multi-

omics approach that combines deep long-

read whole genome sequencing, untargeted 

metabolomics, personalized COBRA 

metabolic modeling, and functional 

validation dramatically enhances the 

diagnostic yield of known inherited 

metabolic disorders as compared to 

conventional genetic testing alone. We 

have achieved definite or probable 

molecular diagnosis in 54.7% of the 
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individuals in the cohort, increasing by an 

absolute of 23.5% the whole exome 

sequencing alone. Most notably, 75 of these 

diagnoses were either novel interactions 

between a gene and a disease or non-coding 

regulatory variants that would otherwise 

not be discovered by conventional 

sequencing and annotation pipelines. The 

combination of metabolomics provided the 

much needed functional evidence to 

reclassify variants of uncertain importance, 

and the personalized COBRA modeling 

ensured the correct prediction of the 

perturbations in the metabolic flux with the 

R2 of 0.842 compared to the results of the 

experiments. Multi-omics integration 

seemed to be the most beneficial in the 

mitochondrial disorders with an integrated 

gain index of 0.521. The splice altering and 

compound heterozygous variants with 

graded effects on enzyme activity were 

found to be major contributors to the 

diagnostic gap and in some cases, this effect 

size was higher than the d of Cohen of 1.0. 

The incremental cost-effectiveness ratio of 

14,600 per incremental diagnosis is in 

comparison with the whole exome 

sequencing alone, and the incremental cost- 

effectiveness ratio of 91 days per 

incremental diagnosis is less than the whole 

exome sequencing alone. These findings 

underscore the point that the diagnostic 

ceiling to rare metabolic disorders cannot 

be attained using genomics per se, but 

rather metabolomics, mechanistic 

modeling, and functional assays are some 

of the tools that need to be combined so as 

to achieve the full range of genetic and 

metabolic heterogeneity. Its future use in 

clinical diagnostic laboratories can provide 

important savings in the diagnostic odyssey 

of patients with suspected inborn errors of 

metabolism. 
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