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Cross-platform metabolomics imputation
using importance-weightedautoencoders
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Metabolomics data are often generated through different platforms and quantificationmethodswhich
makes their synthesis and large-scale replication challenging. This study developed an ensemble of
importance-weighted autoencoders to perform cross-platform metabolomics imputation between
two metabolomics platforms, Metabolon and National Phenome Centre (NPC) at Imperial College,
using 979 samples from the Airwave Health Monitoring Study. The generated samples were highly
correlated with real values across all metabolites (μρ = 0.61 (0.55–0.67)). The well-imputed subset
contained 199 metabolites (22%), capturing ≥ 55% variance (R² ≥ 0.55) with minimal uncertainty (R²
variance ≤ 0.025), including 43 metabolites unique to Metabolon. The concordance of associations in
2,971 validation samples between real and imputed metabolites with two clinical outcomes, body
mass index (BMI) and C-reactive protein (CRP), were highly correlated (ρBMI = 0.93; ρCRP = 0.89) with
minimal mean difference (BMI μΔ = 0.005 (0.04); CRP μΔ = 0.005 (0.04)). Similar concordance occurred
with equivalent UK Biobank (BMI μΔ =−0.007 (0.05); CRP μΔ = 0.01 (0.04)) and NPC (BMI μΔ =−0.013
(0.04); CRP μΔ =−0.019 (0.04)) metabolites. This methodological innovation offers a scalable and
accurate method for cross-platform imputation, enabling the aggregation of metabolomics data from
different epidemiological studies for replication and meta-analyses.

Metabolomics, a critical field in systems biology, focuses on the compre-
hensive analysis of metabolites - important small molecules in biological
systems. Metabolites can be exogenous, like nutrients and drugs, or endo-
genous, like cholesterol and triglycerides. They are vital building blocks for
tissues and have roles as regulatory agents and messengers as well as many
other functions. They help in energy production, protein synthesis, meta-
bolism regulation, and other cellular functions, thereby maintaining an
organism’s internal balance and health. The study of metabolic profiles
provides insights into themetabolic pathwayswithin an organism at a given
time, enhancing the understanding of the biological interplay between
physiological and pathological conditions. This understanding is crucial for
advancing biomarker discovery, disease diagnosis, treatment monitoring,
and drug discovery1–3.

In recent years a growing number of large epidemiologic studies have
acquiredmetabolomicsdata4 but often suffer fromsmall sample sizesand/or
limited metabolite coverage. Large studies may have ten to a hundred
thousand samples but small metabolite coverage, e.g., UK Biobank

lipoprotein/metabolite dataset5, while smaller ones contain hundreds to
thousands of samples with large metabolite coverage, e.g. Multi-Ethnic
Study of Atherosclerosis (MESA)6. The latter group of studies would greatly
benefit from combining their data with additional cohorts to form a larger
discovery panel or robustly externally validating their findings. However,
the variability in metabolomics platforms, annotation and quantification
prevents easily combining or comparing metabolomic features across stu-
dies. Several methods have been developed to combine liquid
chromatography-mass spectrometry (LC-MS) metabolomics datasets that
utilize the same or similar platforms7,8. However, to date, none have been
published which entirely recreates one dataset from another.

An innovative solution is to treat the variables of each dataset as
“missing” in the others. This solution is feasible given the high correlation
between metabolites. Moreover, recent advances in applying deep latent
variable models, such as importance-weighted autoencoders9, provide a
highly flexible approach to imputation in the complex, high dimensional
datasets generated by metabolomics studies. The complex associations
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between metabolites caused by interconnected biological pathways can be
captured by such deep learningmodels using their ability tomodel infinitely
complex functions, including non-linear relationships. In addition, an
importance-weighted autoencoder specifically developed for imputation
has shown state-of-the-art imputation performance10, yet to date it has not
been explored for cross-platform metabolomics imputation.

This study showcases the imputation of an entire dataset of the
Metabolon platform from untargeted LC-MS dataset acquired by the UK
National PhenomeCentre (NPC), using an ensemble importance-weighted
autoencoder. The imputations were then validated by comparing the
observational associations of the imputed metabolites in the imputed
Metabolon dataset with body mass index (BMI) and C-Reactive protein
(CRP), to the associations of the real Metabolon metabolites with the same
outcomes. Such an innovative approach could be very beneficial, as many
epidemiological studies have metabolomics datasets using different
approaches and platforms. The suggested method allows for a one-to-one
comparison of themetabolites for validation purposes or aggregate analyses
across studies.

Results
Metabolite clustering
Clustering the metabolites within the Metabolon-NPC dataset using the
UMAP-embedded space identified five clusters (Fig. 1). Based on their
majority compound classes, four clusters were labelled Fatty acids, Sphin-
golipids, Phospholipids, and Acyl-glycerides. The fifth cluster was labelled
Others for its lack of a predominant class (see SupplementaryData 1 for full
details). The clusters varied in size and composition ranging from a total of
356 metabolites for Fatty acids, including 134 Metabolon metabolites and
222 NPC metabolomic features, up to 503 metabolites for Acyl-glycerides
(24 Metabolon).

Metabolon imputation performance
IWAE imputation models, trained on each metabolite cluster, achieved
low mean absolute error (MAE) on the test set samples (Fatty acids =
0.141, Sphingolipids = 0.140, Phospholipids = 0.132, Acyl-glycerides =
0.125 and Others = 0.190). The imputation model trained using the
entire set of metabolites achieved a root mean squared error (RMSE) of
0.251 on the test set. The error rate (MAE or RMSE) for imputation on

the combined training-validation set achieved results similar to the
test set.

After greedy selection in the test set, the imputation of 644metabolites
achieved anR2 ≥ 0.1 (Fig. 2A), of which 199were equal to or surpassed anR2

of 0.55. Out of these 199 metabolites, 43 were unique to Metabolon com-
pared to the NPC LC-MS platform (Fig. 2B). Uncertainty of imputation
showed an inverse linear relationship with overall imputation performance
(Fig. 2A). The mean R2 variance for metabolites imputed with overall
R2 ≥ 0.1 was 0.014, which drops to 0.009 for metabolites with over-
all R2 ≥ 0.55.

Metabolon categorises metabolites into superclasses based on their
compound class. Imputation performance varied greatly across superclasses
(Fig. 3). The “Lipid” superclass was the best imputed with amean R2 = 0.49,
although it had the largest variance in performance (SD = 0.25).Xenobiotics
(mean R2 = 0.13, SD = 0.15), Amino acids, (0.14, 0.14) Peptides (0.22, 0.15),
and Cofactors and Vitamins (0.24, 0.25) had a combined total of 35
metabolites which imputed over an R2 of 0.3 but overall, they had low
imputation performance. Carbohydrates, Energy and Nucleotide metabo-
lites had no outstanding metabolites with poor mean R2 = 0.11 (SD = 0.08),
0.16 (SD = 0.08) and 0.11 (SD = 0.10) respectively.

After imputation of all Metabolon metabolites, the test set samples
(n = 78) had amean correlation of ρ = 0.61 (SD = 0.09, IQR0.55–0.67), with
the real Metabolon metabolites using the entire metabolic profile (Fig. 2C).
The metabolites that had an R2 ≥ 0.55, were taken forward for association
studies (Fig. 2A). Full details of the imputation model parameters and
average performance on the training sets can be found in Supplementary
Data 2. Individual Metabolon metabolite imputation performances on the
test set can be found in Supplementary Data 3.

Observational association concordance
The study’s rigorous validation process involved comparing the imputed
metabolites’ associations with BMI and CRP to those of actual Metabolon
metabolites using data from the combined Metabolon-NPC and
Metabolon-Only datasets (Fig. 4). The beta coefficients were highly corre-
latedbetween the real and imputedvalueswithρ = 0.93 andρ = 0.89 forBMI
and CRP respectively. Based on the standardised beta coefficient, the
average association of real metabolites was 0.06 (SD = 0.12) with BMI and
0.01 (SD = 0.08) with CRP. The mean difference between the real and

Fig. 1 |Metabolite clustering within theMetabolon-
NPC dataset (N = 979) using both NPC and Meta-
bolon metabolites.
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imputedmetabolite associations was 0.005 (SD = 0.04) with BMI and 0.005
(SD = 0.04) withCRP.Out of the 199metabolites tested, 10metabolites (5%
of all metabolites) had a beta coefficient difference greater than 1.96 stan-
dard deviations from the mean for BMI whilst CRP had 6 metabolites
greater than 1.96 standard deviations (3% of all metabolites). The associa-
tion comparison between real NPC LC-MS metabolites with the imputed

versions had similar concordances with a mean difference of −0.013
(SD = 0.04) for BMI and−0.019 (SD = 0.04) for CRP (Fig. 5). For the four
UK Biobank NMR metabolites which could be matched to the imputed
Metabolon dataset (NPC-Only), themean difference in associationwith the
imputed metabolites was−0.007 (SD = 0.05) and 0.01 (SD = 0.04) for BMI
andCRP respectively. Full results of the association effect sizes for allmodels
can be found in Supplementary Data 4 and 5.

Discussion
In this study, deep learning techniques were applied to train a model
ensemble to generate an imputed Metabolon dataset comprising 199
metabolites, representing 22% of the metabolites in the original Metabolon
dataset, using LC-MS metabolomic features from three platforms. The
results showed that the imputeddataset is expected to capture aminimumof
55%of the original variance (R2 ≥ 0.55)with low imputation uncertainty (R2

variance ≤ 0.025). Using the trained model, an imputedMetabolon dataset
of 199 metabolites was generated for 2971 samples which was combined
with theAirwaveMetabolon,AirwaveNPCandUKBiobankdatasets to run
observational associations between metabolites and two important clinical
outcomes: BMI and CRP. The results revealed strong alignment between
associations observed using imputedMetabolon data and those found using
real metabolites, underscoring the success of the model imputations.

The robustness of the approach was explored using a held-out test
set to simulate the imputation of an external validation cohort. Various
aspects of imputation performance were explored, including overall

Fig. 2 |Metabolite imputation performance on the held-out test set. Ametabolite R2 vs R2 variance (B) performance within the uniqueMetabolonmetabolites (C) imputed
held-out test set sample correlation with real values.

Fig. 3 | Imputation performance across metabolite compound classes based on
Metabolon superclass classification.
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accuracy (R²), model uncertainty (R² variance), and correlation
between imputed and real samples. The imputed dataset performed
well across all metrics (Fig. 2), confirming that the method is reliable
for cross-platform imputation in external cohorts. To validate this
further, comparative observational analysis was performed using the
imputed dataset generated from an external cohort (NPC-Only) with
three real metabolomics datasets. This was performed on two clinically
relevant outcomes, BMI and CRP, which have well-documented
metabolite associations11 to ensure a large set of significant metabolite
associations where available for comparison. The concordance of
associations for both outcomes across with all three real datasets and
the imputed Metabolon dataset supported the reliability of the impu-
tation approach (Figs. 4 and 5).

The imputed Metabolon dataset primarily consisted of lipid
metabolites (Fig. 3), which was expected since the LC-MS platforms
used for the imputation measure predominantly lipid compounds.
This suggests that the presence of a closely related feature within the
input dataset is one of the most important factors for metabolite
imputation performance. This is additionally supported by the fact
that small molecule classes, such as peptides and carbohydrates,
showed much better imputation performance in Airwave 2 when

using an NMR dataset as the input (Fig. 6). Lipid imputation performed
consistently in both settings which is likely influenced by the low intra-
laboratory variability within lipidomics, leading to a higher baseline
imputation performance. In addition, given the relatively small sample
size (N = 979), constraints were applied to the size (number of layers and
number of neurons) and training duration (early stopping) of the
imputation models to mitigate the risk of overfitting. As a result, the
imputation model trained on all metabolites and metabolomic features
prioritized the identification of lipid-imputing features over other
metabolite classes. However, recognizing the importance of accurately
imputing non-lipid metabolites, the imputation method was expanded to
an ensemble which included models trained on each of the identified
metabolite clusters, as depicted in Fig. 1. The switch from a single model
to an ensemble employing a greedy selection strategy significantly
improved the imputation performance of non-lipid metabolites. This
further suggests that incorporating additional metabolomics platforms,
such as NMR or reverse phase, would further enhance imputation across
a broader range of metabolites, resulting in a more diverse imputation
dataset.

The generative deep learning models implemented in this study have
shown state of the art imputation for many data types such as imaging and

Fig. 4 | Comparison between real and imputedmetabolite associations with bodymass index (BMI) andC-Reactive protein (CRP). AReal vs imputed effect size for BMI
(B) Bland-Altman plot of real and imputed effect size for BMI (C) Real vs. imputed effect size for CRP (D) Bland-Altman plot of real and imputed effect size for CRP.
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RNA-seqdata12. This success stems fromthemaximisationof a tighter lower
bound of the observed data compared to other imputation methods,
combined with their ability to make use of powerful multiple imputation
methods with incomplete datasets. The study results demonstrate their

extension to cross-platform metabolomics imputation by effectively iden-
tifying key features in an LC-MS dataset capable of inferring Metabolon
metabolites. The findings also highlights the potential application of IWAE
for annotatingmetabolic features. By applying feature importancemethods,
such as SHapleyAdditive exPlanation (SHAP) values13, it would be possible
to identify the specific LC-MS features used to infer each Metabolon
metabolite. With this information, given that there seems to be a strong
relationship between input features and imputedmetabolites, the calculated
feature importance could be used infer the annotation of unknown LC-MS
features. However, further investigation into the feasibility and accuracy of
this method for metabolomic feature annotation is warranted.

The pioneering use of importance-weighted autoencoders to build an
ensemble method for cross-platform imputation represents a meaningful
step forward in untargeted LC-MSmetabolomics for epidemiologic studies.
Themethod shows robustness and precision in generating imputeddatasets
for external cohorts which is crucial for downstream analyses, including
associationswith clinical outcomes. At this stage, the approach is best suited
for applications such as cross-cohort harmonisation and replication of well-
established metabolite–phenotype associations (e.g., BMI, CRP), rather
than for substituting direct metabolite quantification. However, this study
encountered limitations inherent to the LC-MS dataset used to impute
Metabolon metabolites, resulting in suboptimal performance in the impu-
tation of non-lipidmetabolites. Additionally, the limited number of training

Fig. 5 | Comparison between real and imputed metabolite associations in the NPC-Only and UK BioBank NMR datasets. AName-matched real NPC LC-MS (B) Real
UK Biobank NMR.

Fig. 6 | Imputation performance across metabolite compound classes based on
Metabolon superclass classification using only features from NMR.
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samples necessitated restrictions on the deep learning model’s capacity and
training time to prevent overfitting, which likely contributed to lower
imputation performance. The imputations also require a large number of
featureswhich can likely be drastically reducedgiven the high co-linearity of
the features, which should be explored in future studies. Despite these
limitations, this study highlights the potential of importance-weighted
autoencoders and ensemblemethods to improve cross-platform imputation
and their potential application to assist with metabolomics feature
annotation.

In conclusion, this study demonstrates the efficacy of using IWAEs to
impute metabolomics data across different platforms, specifically between
Metabolon and LC-MS datasets. The high concordance observed between
real and imputed metabolites, particularly in associations with BMI and
CRP, supports the robustness of thismethod.This approachoffers a scalable
solution to harmonizemetabolomicsdata fromdiverse analytical platforms,
facilitating data integration for replication studies and meta-analyses in
large-scale epidemiological research.

Methods
Data sources
TheAirwaveHealthMonitoring Study is a longitudinal cohort study on the
UK police forces, with recruitment and baseline measurements done from
2005 to 2014, and includes medical, biomedical, occupational and lifestyle
information. All participants were voluntary and provided with written
informed consent. The Airwave Health Monitoring Study is approved by
theNationalHealth ServiceMulti-Site Research Ethics Committee (MREC/
13/NW/0588). All methods followed the relevant guidelines and
regulations.

Airwave samples were divided into two separate sample sets. The first
set consisted of 3000 samples that utilised lithium heparin plasma samples
and underwent ultra performance LC-MS profiling analysis for lipids and
small metabolites at the NPC, hereafter known as the “NPC-Only dataset”.
The second set consisted of 2250 ethylenediaminetetraacetic (EDTA)
plasma samples and were analysed by Metabolon, Inc. (Morrisville, NC,
USA) with 1000 of these samples also analysed by the NPC. Hereafter, the
subset of 1000 individuals that included measurements by both platforms
are known as the “Metabolon-NPC dataset”, whilst the remaining
1250 samples, are known as the “Metabolon-Only dataset”. NPC metabo-
lomic featureswerematchedusing the “M2S” computationalmethodology8,
yielding the same 3585 metabolomic features across the two NPC-based
datasets, 914 of which were annotated (306 unique annotations). In both
Metabolon datasets, 1148 metabolites were measured, comprising 828
annotated and 320 unknowns.Metabolonmetaboliteswhichwere invariant
across all samples or had more than 25% missing values been removed,
leaving 915 metabolites. Metabolon-NPC dataset was additionally quanti-
fied using nuclear magnetic resonance (NMR) by NPC within the entire
1000 samples. Data description, sample preparation, metabolite annotation
and data processing have been described elsewhere for Airwave NPC14 and
for AirwaveMetabolon15. Outliers for all datasets were removed using local
outlier factor16 with default settings across all measured metabolites
resulting in the removal of 67 samples across all datasets.

Study overview
The overall analysis plan is shown in Fig. 7. Using the Metabolon-NPC
dataset, five clusters of metabolites were identified which grouped based
on biological pathway / chemical class. Next, the Metabolon-NPC dataset
samples were split into three subsets; training (n = 706), validation
(n = 78) and held-out test set (n = 195). The training and validation sets
were used to train an importance-weighted autoencoder for each of the
five metabolite clusters and an additional autoencoder with all metabo-
lites and metabolomic features. These attempted to recreate the entire set
of Metabolon measurements within the held-out test set samples based
on greedy selection across all models, creating an imputed Metabolon
dataset. To assess the quality of the imputations, R2 and R2 variance
across imputation iterations were explored within the test-set samples.

The Metabolon metabolites imputed with a quality above a defined
threshold in the held-out test set were selected, and their values were
imputed in the NPC-Only dataset. Finally, the quality of the generated
NPC-Only imputed Metabolon dataset was evaluated by comparing
metabolite observational associations with body mass index (BMI) and
C-reactive protein (CRP) to similar associations with the real metabolite
measurements by Metabolon, NPC and UK Biobank.

Metabolite clustering
To identify clusters of metabolites within the Metabolon-NPC dataset,
Uniform manifold approximation and projection (UMAP)17 was used for
dimensionality reduction followed by a centroid-based clustering, amethod
that clusters items by similarity using central points for organization.
UMAP was employed to map each of the NPC metabolomic features and
Metabolon metabolites into the same 2-dimensional space, based on their
values across the Metabolon-NPC dataset. UMAP was performed using
cosine distance, two components, 35 neighbours and a minimum distance
of 0.3. K-means clustering was used as the centroid-based clustering to
identify the clusters of metabolites within the UMAP-embedded 2-
dimensional space using the elbow method with silhouette score to deter-
mine the optimal number of clusters. Clusterswere labelled using theirmost
predominant chemical compound class or biological pathway.

Metabolite imputation
The Metabolon-NPC dataset (N = 979) was separated into training, vali-
dation and held-out test set (70/10/20 split) prior to model training. To
normalize the data, min-max scaling technique was applied, adjusting the
value within the range of –1 to 1 using population estimates of mean and
standard deviation calculated from only the training set. The core of the
study involved training an importance-weighted autoencoder (IWAE) to
impute the Metabolon metabolites by randomly masking single values and
imputing a percentage of Metabolon metabolites during training.

Hyperparameters for each model were selected using coarse-to-fine
grid searching including the type of IWAE10,18, the percentage of random
masking, presence of mix-up regularisation19, dropout rate20, presence of
batch normalisation21 and error function. Model performance was mea-
sured using the imputation error calculated after masking the entire set of
Metabolon metabolites on the validation set with early stopping. After
hyperparameter tuning, the final imputation model was trained using the
combined training and validation set. This process was completed six times,
once for each of the five metabolite clusters using only the metabolites and
metabolomic features present in the cluster and once using all metabolites
and metabolomic features.

For the evaluation phase, the model’s performance was tested by
masking and imputing all Metabolon metabolites within the held-out test
set. A selection process (greedy selection) determined the most appropriate
imputation model for each metabolite based on the imputation perfor-
mance within the validation set during model tuning. To assess the relia-
bility and accuracy of the imputation, the test set underwent a total of fifty-
one imputation cycles.Thefirst cycleprovided abaselineR2performance for
each metabolite, while the remaining fifty cycles were averaged to explore
prediction uncertainty via R2 variance of the predicted vs observed values.
Spearman’s rank correlationwas used to compare the imputed values in the
test set against the corresponding actual values. Finally, leveraging the
finalised imputation model, an imputed Metabolon dataset was generated
using the NPC-Only dataset (N = 2971), employing the same greedy
selection rules as applied to the test set.

Observational analysis
To further evaluate the accuracy of the imputations, metabolite
associations with BMI and CRP were examined using linear regres-
sion adjusted for age and sex. Before fitting the models, both expo-
sures and outcomes were standardised (mean = 0, standard deviation
(SD) = 1) before fitting the models. Only Metabolon metabolites
which were imputed with an overall R2 ≥ 0.55 in the test set were tested
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for association using the imputed Metabolon (NPC-Only) dataset. This
was selected as a reasonable trade-off point between metabolite impu-
tation performance and uncertainty based on the test-set imputation
performance (Fig. 2A). The same set of metabolites was tested for
association using the real Metabolon metabolites within the combined

Metabolon-NPC and Metabolon-Only datasets (N = 2229). Additionally,
metabolites tested for association in the imputedMetabolon (NPC-Only)
dataset which had a matching LC-MS annotation in the combined
Metabolon-NPC and NPC-Only dataset (N = 3950), or UK Biobank
NMR (N = 110,068) were tested for associations (Fig. 5).

Fig. 7 | Schematic diagram of the study. Datasets
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Software
NPCmetabolomic features were matched across Airwave subsets using the
“M2S” MATLAB (R2019b) package available at https://github.com/
rjdossan/M2S8. Imputation was performed using TensorFlow v2.4.122 and
Python v3.7.9. Observational analyses and data processing were performed
using sci-kit learn v0.23.223.

Data Availability
The Airwave and NPC datasets used and/or analysed during the study are
available from the corresponding author on reasonable request. UK Bio-
Bankdatasets are available upon the submission andacceptance of a suitable
research application to UK BioBank.

Code availability
Code used to generate the models and explore performance used in
the study are available from the corresponding author on reasonable
request.
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