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The co-occurrence of multiple chronic conditions, termed multimorbidity, presents an expanding 
global health challenge, demanding effective diagnostics and treatment strategies. Chronic ailments 
such as obesity, diabetes, and cardiovascular diseases have been linked to metabolites interacting 
between the host and microbiota. In this study, we investigated the impact of co-existing conditions 
on risk estimations for 1375 plasma metabolites in 919 individuals from population-based Estonian 
Biobank cohort using liquid chromatography mass spectrometry (LC–MS) method. We leveraged 
annually linked national electronic health records (EHRs) data to delineate comorbidities in incident 
cases and controls for the 14 common chronic conditions. Among the 254 associations observed across 
13 chronic conditions, we primarily identified disease-specific risk factors (92%, 217/235), with most 
predictors (93%, 219/235) found to be related to the gut microbiome upon cross-referencing recent 
literature data. Accounting for comorbidities led to a reduction of common metabolite predictors 
across various conditions. In conclusion, our study underscores the potential of utilizing biobank-linked 
retrospective and prospective EHRs for the disease-specific profiling of diverse multifactorial chronic 
conditions.
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The onset and progression of chronic diseases are influenced by a combination of factors, including genetics, 
environment, lifestyle, and the microbiome1–3. The etiology of chronic diseases extends beyond isolated 
conditions, as many chronic conditions share a well-established set of common clinical and lifestyle risk 
factors4,5. Perturbation of common pathways suggests a significant level of connectivity, and understanding how 
these associations relate to coexistence of chronic conditions is paramount. One out of three patients suffer 
from two or more chronic conditions, termed multimorbidity6,7. This is exemplified in individuals with gout, 
where 74% experience hypertension, and 71% exhibit stage 2 chronic kidney disease8. Therefore, it is essential to 
distinguish disease-specific biomarkers from those which reflect the progression of other concurrent diseases, 
termed comorbidities9. For accurate profiling of disease patterns, in-depth health information encompassing 
each patients’ medical history is needed.

Recent decades have introduced an era of systematic data collection by the establishment of large population-
based biobanks, which have been fundamental for the identification of risk factors for chronic diseases10. These 
biobanks actively recruit participants from the general population and accumulate large sample collections, 
characterized by comprehensive health data from questionnaires and/or electronic health records (EHR), along 
with multiple omics data layers. The rich health data facilitates the identification of individuals with diverse 
disease conditions along with the history of comorbidities and hence becomes indispensable for disentangling 
risk factors of chronic diseases11. Biobanks also serve as invaluable resources for epidemiological and clinical 
studies, wherein stored blood samples can be retrospectively analyzed using advanced analytics methods, 
including high-throughput metabolomics.

Nevertheless, the limited availability of such large cohorts with available follow-up data has resulted in only 
a few studies aimed at identifying metabolic risk factors across common chronic conditions12–15. While these 
studies have revealed similarities in association signatures across diseases with distinct pathophysiologies, a 
comprehensive understanding of disease-specific and shared risk factors remains elusive. Notably, among the 
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mentioned studies, only one has incorporated high-sensitivity mass spectrometry (MS) to determine metabolite 
profiles for risk estimation12. Compared to nuclear magnetic resonance spectroscopy-derived metabolomic 
profiles, MS presents a more valuable option as it facilitates the measurement of gut-derived and modulated 
biomolecules, including bile acids, short-chain fatty acids, branched-chain amino acids, methylamines, 
tryptophan, and indole derivatives16,17. These biomolecules are modified in metabolic disorders and may serve 
as significant risk factors for the onset of chronic conditions12,18.

In this study, we investigated the onset of 14 chronic conditions in 991 Estonian Biobank (EstBB) participants 
and their associations with baseline levels of 1,375 plasma metabolites measured with untargeted MS profiling. 
The primary aim of this study was to identify and distinguish disease-specific and common metabolites which 
are contributing to the risk of chronic diseases. For this, we used the EHR information to uncover comorbidity 
profiles of all cases and specific disease-naive controls selected from a population cohort.

Results
Study overview and data description
We studied a well-phenotyped cohort of 991 individuals from the Estonian Biobank with available untargeted 
plasma metabolite data generated by Metabolon HD4 platform. Following the exclusion of individuals with 
missing data (see Methods), the analysis comprised 919 participants (63.1% females), with an average follow-
up time of 11.0 years (SD 4.4 years). To evaluate the effect of the metabolite levels on the risk of developing 
chronic diseases, 14 common conditions with more than 40 incident cases were evaluated (Fig. 1, Supplementary 
Table S1). The mean age and body mass index at sampling was 46.7 years (SD 16.8) and 26.8 kg/m2 (SD 5.7), 
respectively. Other characteristics of the study population are listed in Supplementary Table S2.

Metabolomics analysis was performed on plasma samples collected between 2002 and 2018. Subsequently, 
following quality checks and the exclusion of infrequent and drug-related metabolites (see Methods), association 
analysis was conducted on 1375 metabolites (Supplementary Table S3). To evaluate the impact of comorbidities 
on risk estimates, we performed a secondary analysis by adjusting for comorbidities (Fig. 1a). Additionally, all 
accessible metabolites were cross-referenced with recent literature data to determine their association with the 
gut microbiome.

Plasma metabolites predict the onset of various chronic conditions
To investigate the role of plasma metabolites in the incidence of 14 chronic conditions, Cox proportional 
hazards models adjusted for age, sex, body mass index (BMI), and smoking status were constructed. In total, 
we detected 254 significant associations (false discovery rate, FDR < 0.1) with 13 incident diseases (Fig.  2a, 
Supplementary Fig. S1). Notably, for sleep disorders, we did not find any significant associations. A total of 17% 

Fig. 1.  Design of the study. a Analysis plan. b Counts of controls (blue, never diagnosed with the respective 
condition), incident cases (red, first diagnosed with the respective condition after sample collection), 
prevalent cases (grey, first diagnosed with the respective condition before sample collection, excluded from 
further analysis) for selected diseases. 14 chronic conditions with more than 40 incident cases were studied. 
Cox proportional hazard models were adjusted for age, sex, bmi, smoking status in the primary analysis. In 
the secondary analysis, Cox models were additionally adjusted by the first two principal components (PC) 
of Hamming distance between comorbidity presence/absence profiles of the study subjects. AFF—atrial 
fibrillation and flutter, HHD with HF—hypertensive heart disease with heart failure, CIHD—chronic ischemic 
heart disease, T2D—type 2 diabetes, LC–MS—liquid chromatography mass spectrometry.
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(235/1375) metabolites were significantly (FDR < 0.1) linked to at least one disease (Fig.  2b, Supplementary 
Fig. S1, Supplementary Table S4). The largest proportion of the associated metabolites were linked with risk of 
developing gout (n = 118). A substantial number of metabolites showed an association with lipidemias (n = 43) 
and type 2 diabetes (T2D, n = 31). At the same time, primary hypertension (n = 14) and several cardiac conditions 
showed a lower number of associations: atrial fibrillation and flutter (AFF, n = 10), heart failure (n = 9), chronic 
ischemic heart disease (CIHD, n = 7), other cardiac arrhythmias (n = 5), hypertensive heart disease with heart 
failure (HHD with HF, n = 3). Similarly, only a few associations were detected for iron deficiency anemia 
(n = 8), other anxiety disorders (n = 3), depressive episode (n = 2), and asthma (n = 1). The significant predictors 
predominantly comprised lipids (n = 92), amino acids (n = 55), and unidentified metabolites (n = 39) (Fig. 2b, 
Supplementary Table S4 online). Consistent with previous studies, we observed significant associations between 
uric acid and the increased risk of gout (hazard ratio, HR 7), as well as cholesterol and the increased risk of 
lipidemias (HR 2.1) (Fig. 2d). Elevated uric acid levels, indicative of hyperuricemia, are a known risk factor of 
gout, suggesting that both metabolites may mirror metabolic changes in the pre-disease state19.

The five strongest associations with each incident condition are depicted in Supplementary Fig. S2 online. 
Notably, among the best predictors of gout and lipidemias, strong correlations were observed within incident 
cases of respective conditions (Supplementary Fig. S2, Supplementary Table S5 online). On the contrary, the 
top predictors for T2D exhibited relatively low levels of correlation indicating potentially higher heterogeneity 
among these metabolites and related pathways.

Fig. 2.  Associations between plasma metabolome and risk of 14 chronic diseases using random controls 
(FDR < 0.1). a Total number of significant associations with incident diseases. b Total number of significant 
predictors divided into biochemical groups. c Volcano plot of the hazard ratios (HR) and FDR values of 
incident risk factors for chronic conditions. d Top 10 associations with both increased and decreased risk of 
incident diseases. AFF—atrial fibrillation and flutter, HHD with HF—hypertensive heart disease with heart 
failure, CIHD—chronic ischemic heart disease, T2D—type 2 diabetes. Cox models were adjusted for age, body 
mass index, sex, and smoking status. Error bars show the 95% confidence interval.
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The majority of identified interactions indicated an increased risk (Fig. 2c, Supplementary Fig. S1 online). 
Among the top ten associations with highest HR, nine were specifically associated with the development of 
incident gout (Fig. 2d). In contrast, when examining associations with negative HR indicating diminished risk 
with higher metabolite values, the situation was more variable—five out of ten of the most significant predictors 
were identified in relation to incident T2D.

Chronic conditions have partially overlapping metabolic predictors
We investigated the extent of unique and shared metabolic predictors for diseases. Most of the reported 
predictors (92%, 217/235) were uniquely associated with the risk of a single disease (Suppl Fig. S3 online). 
Shared associations were detected mainly between two chronic diseases (17 predictors) and no common 
predictors were seen between more than 3 diseases (Fig. 3).The highest number of shared associations appeared 
between gout and T2D (n = 6), gout and AFF (n = 5), and gout and lipidemias (n = 3). For example, higher level 
of mannonate was associated with increased risk of incident gout (HR 1.6), T2D (HR 2), and HHD with HF (HR 
1.6), corroborating a previous study, which demonstrated association of higher mannonate levels with severe 
insulin-deficiency20. An unidentified metabolite X-24588 was associated with incident gout (HR 1.9) and T2D 
(HR 1.8). This metabolite has been previously associated with hepatic triglyceride content21.

Disease-specific associations with chronic conditions are more robust to adjusting for 
comorbidities
While comorbidities are commonly overlooked during control selection, we next aimed to integrate them into 
our analysis. To achieve this, we employed principal component analysis based on Hamming distance between 
comorbidity presence/absence profiles of the study subjects. In the secondary analysis, we additionally adjusted 
Cox proportional hazards models by the first two principal components. This adjustment aimed to address the 
differences in the disease burden between incident cases and controls, thereby strengthening the reliability of our 
findings. For instance, 56% of incident cases of AFF in the EstBB cohort were already diagnosed with concurrent 
primary hypertension, whereas only 22% of randomly selected participants without incident AFF exhibited 
primary hypertension at the time of sampling.

Fig. 3.  Common risk factors of chronic conditions. Heatmap illustrates hazard ratios of metabolites shared 
between at least two conditions (FDR < 0.1 significant values are encased in black frames; green highlight—
nominally significant reduced risk; red highlight—nominally significant increased risk). AFF—atrial 
fibrillation and flutter, HHD with HF—hypertensive heart disease with heart failure, CIHD—chronic ischemic 
heart disease, T2D—type 2 diabetes. Cox models were adjusted for age, body mass index, sex, and smoking 
status.
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In the sensitivity analysis, a lower total number of significant associations (198 vs 254, 73% overlap) and 
unique predictors (188 vs 235, 75% overlap) were observed compared to analysis conducted without adjusting 
for comorbidities (Fig. 4a, Supplementary Fig. S4 and S5, Supplementary Table S4 online). Reduction in the 
number of associations was more evident in the case of gout (84 vs 118), lipidemias (36 vs 43), and T2D (22 vs 
31) (Fig. 4b). The incident cases for these diseases were inflated by comorbid prevalent diagnoses, potentially 
explaining the loss of signal in the secondary analysis (Supplementary Table S6 online).

Overall, employing comorbidities as covariates led to reduction in both the total number of disease-specific 
(178 vs 217) and shared risk predictors (10 vs 18) (Fig. 4c). The more pronounced decrease among common 
predictors could suggest that these associations were confounded by the presence of comorbid conditions 
(Supplementary Fig. S6, Supplementary Table S6 online).

In total, 166 disease-specific associations were consistently identified, resulting in a 76% overlap with 
previously identified metabolites from the primary analysis. This suggests the existence of a more robust set 
of predictors exclusively associated with each specific medical condition, as opposed to a limited number of 
widespread incident risk signals shared among multiple chronic conditions.

A substantial portion of risk factors for chronic conditions are linked with microbiota
The growing evidence of the microbial activity on metabolites prompted us to pay attention to disease-associated 
metabolites with pre-established significant associations to the gut microbiome. We extracted and aggregated the 
data from four recent publications which reported microbiota-explained variance of individual serum or plasma 
metabolites22–25. This analysis revealed notable microbiome contributions for 93% (219/235) of significant 
and 78% (892/1140) of non-significant predictors (see Supplementary Table S4 online). Within the prominent 
microbiome-associated metabolites (with any reported R2 value exceeding 0.1) significant associations were 
shown for T2D, lipidemias, primary hypertension, HHD with HF, AFF, and gout (Fig. 5, Supplementary Fig. 
S7 online). These associations were predominantly exclusive to a single disease and included a high number of 
unidentified metabolites. Notably, 3-phenylpropionate (hydrocinnamate) and hyocholate were associated with 
reduced risk of AFF and gout, respectively, while well-established cardiometabolic markers 1,5-anhydroglucitol 
(1,5-AG) and metabolonic lactone sulfate were linked to decreased and increased risk of incident T2D, 
respectively26–28. Among microbial metabolites originating from amino acids, indolepropionate displayed 
a reduced risk of incident lipidemias, while 3-indoxyl sulfate and 6-hydroxyindole sulfate demonstrated a 
lower risk of incident AFF. However, no associations were found between trimethylamine N-oxide (TMAO), 
phenylacetylglutamine, or cinnamoylglycine and disease risk, contrasting previous findings29–32. Further 
discussion is available in the Supplementary Discussion section.

Discussion
In this study, we conducted an untargeted metabolomics analysis of plasma to identify both disease-specific and 
shared risk factors across 14 chronic conditions in the EstBB subcohort of 991 individuals. We leveraged well-
phenotyped population-based biobank data to uncover predictive metabolic markers, demonstrating the utility 

Fig. 4.  Comparison of results from primary and comorbidity-adjusted analyses. A comparison of results 
of primary analysis (before adjusting for comorbidities, black) and secondary analysis (after adjusting for 
comorbidities, dark gray). Light gray highlights the overlap of significant associations/predictors between 
the two approaches. a Total number of associations. b Number of predictors across evaluated conditions. c 
Number of condition-specific (Ndiagnoses = 1) and shared predictors (Ndiagnoses > 1). AFF—atrial fibrillation 
and flutter, HHD with HF—hypertensive heart disease with heart failure, CIHD—chronic ischemic heart 
disease, T2D—type 2 diabetes. Cox models for primary analysis were adjusted for age, body mass index, sex, 
smoking status. Cox models for sensitivity analysis were further adjusted by the first two principal components 
calculated from Hamming distances between comorbidity profiles.
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Fig. 5.  Top microbiome-related incident risk factors of chronic conditions. Left—heatmap illustrates hazard 
ratio values of the 15 foremost microbiome-related identified and unidentified metabolites with at least 1 
significant association (FDR < 0.1 significant values are encased in black frames, nominally significant with 
green or red highlights). Right—heatmap shows metabolite variance explained by the gut microbiota from the 
analyzed literature22–25. AFF—atrial fibrillation and flutter, HHD with HF—hypertensive heart disease with 
heart failure, CIHD—chronic ischemic heart disease, T2D—type 2 diabetes. Cox models were adjusted for age, 
body mass index, sex, and smoking status.
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of this approach. Notably, our findings highlight predominantly disease-specific signals, challenging the notion 
of widespread commonality among chronic diseases. However, we identified significant shared risk factors for 
gout, T2D, AFF, and lipidemias, indicating potential metabolic interactions among these conditions. A novel 
aspect of our study is the observed decrease in shared predictors when adjusting for prevalent comorbidities, 
underscoring the influence of comorbid conditions on metabolic risk profiles. Additionally, we showed that a 
high proportion of identified predictors were previously associated with gut microbial composition, suggesting 
a link between metabolism and the gut microbiome. Importantly, our findings imply that comorbidities may 
contribute to the shared incident risk signature observed across chronic conditions, offering new insights into 
the interplay between metabolic markers, gut microbiota, and comorbidities.

The highest number of incident metabolic risk associations was identified for gout, potentially due to its 
high comorbidity rate and its role as a risk factor for other conditions. Gout is an arthritic condition induced by 
hyperuricemia leading to urate deposits in the tissues. Previous studies on gout have shown associations with 
metabolic syndrome and chronic kidney disease33,34. We are not aware of any untargeted metabolomics studies 
investigating risk factors of gout. Nevertheless, previous research on prevalent gout has established connections 
with altered amino acid levels, perturbations in purine, glycerophospholipid, sphingolipid, and carbohydrate 
metabolism35. These findings were also partially replicated in our study. Our study identified over a dozen N-
acetylated metabolites exclusively associated with an increased risk of gout, with the strongest signal from N-
acetylalanine. These metabolites have also been previously linked to various chronic conditions and impaired 
kidney function12,36.

Within the studied conditions, we observed a limited (8%) concurrence of metabolite incident risk factors. 
In contrast, Pietzner et al.12, reported a 65.5% overlap for metabolite predictors among 27 noncommunicable 
diseases, including, ten cancer types when data was sourced from hospitalization and cancer registry data. This 
represents a crucial distinction from our study, as we not only obtained data from the aforementioned registries 
but also integrated EHR data from primary care and other relevant registries. For example, MacRae et al.36, 
suggested using EHRs from various registries for classification of clinical data as they reported higher age of onset 
of multimorbidity within the identical patient cohort when relying on information derived from hospitalizations 
compared to data obtained from primary care sources. This suggests that relying solely on hospitalization data 
might result in inaccurate estimation of comorbidities, likely influencing findings of disease risks and reported 
interconnectivity among chronic diseases.

We noticed that, for most of the studied conditions, the prevalence of comorbidities was substantially higher 
in incident cases compared to controls. In response, we aimed to enhance the analysis by including baseline 
comorbidities information as additional covariates. This aligns with a recent study emphasizing the need for 
distinguishing disease-specific changes from confounders from pre- and comorbidities9. More specifically, 
Fromentin et al. employed a design that incorporated not only healthy and clinically ill individuals but also 
subjects with dysmetabolic morbidities, enabling the comparison of metabolic signatures across various disease 
states and clinical stages. Similarly, our approach aimed to disentangle condition-specific effects from the 
multimorbidity signal. Adjustment for comorbidities resulted in a reduction in both disease-specific and shared 
predictors, with the most pronounced impact observed in conditions that initially exhibited the highest number 
of associations, namely, gout, lipidemias, and T2D. Therefore, associations initially thought to be common might 
be attributed to the presence of shared comorbid conditions rather than being independent associations across 
various diagnoses. For future studies, a more thorough consideration of distinct comorbidity profiles could 
enhance the detection of risk factors37. We also propose that utilizing registry-based electronic health record 
(EHR) data could potentially be expanded to specifically select subjects at various stages of disease progression, 
each with their respective comorbidity profiles, and corresponding selection of appropriate controls.

We also demonstrated predominantly disease-specific associations among metabolites linked to the 
microbiome in the external studies we reviewed. For example, indolepropionate and 3-phenylpropionate were 
exclusively associated with reduced risk of lipidemias and AFF, respectively. Both metabolites have been associated 
with reduced chronic disease risk12. Also, in the same study by Pietzner et al., levels of these metabolites were not 
significantly mediated by any of the available routine clinical parameters, including renal markers. Dekkers et 
al.25 showed that several Eubacteriales sp. and more specifically, Faecalibacterium prausnitzii species are positively 
associated with aforementioned metabolites25. In addition, multiple associations of microbially produced 
indole-derived metabolites and reduced risk of chronic diseases were observed. Contrastingly, previous studies 
have linked indoxyl sulfate with further progression of chronic kidney disease and cardiovascular disease38. 
Therefore, it could be hypothesized that in individuals with normal renal function, maintaining optimal levels 
of uremic toxins could protect against cardiovascular issues. Further discussion of the identified metabolites is 
available in the Supplementary Discussion section.

Our study is set apart from prior research on the simultaneous investigation of metabolite incident disease 
risk factors by multiple aspects. First, utilization of extensive registry data distinguishes our approach from 
studies that depend on self-reported or single registry-based data, enhancing the robustness of our findings, 
and by providing less biased and more objective/standardized diagnosis status of multiple chronic conditions. 
Second, the inclusion of a wide range of frequently occurring chronic disorders, from cardiac and metabolic 
conditions to mood disorders, contributes to a comprehensive exploration of risk factors, identifying significant 
associations for all investigated conditions. Third, alongside the conventional analysis, we adjust risk predictions 
for comorbidities. This results in a more nuanced evaluation of risk factors specific to diseases, as well as those 
shared among them. Notably, the potential confounding effects arising from comorbidities might not have been 
comprehensively addressed in previous studies12. Last, we demonstrate a high number of microbially-associated 
metabolites among the significant incident disease predictors. This was achieved by integrating recently 
published data on the explained variance of metabolite levels attributed to the gut microbiome. Through this 
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approach, we were able to link previously established microbiome-metabolite associations to a large proportion 
of the significant predictors.

This investigation has certain limitations that warrant consideration. Crucially, our study encounters 
constraints in terms of statistical power due to small sample size in the condition-specific incident case groups. 
Moreover, the absence of a validation cohort could affect the generalizability of our findings. However, the specific 
selection of diverse conditions would require extensive collaboration with partner institutions, potentially 
limited by the wide scope of this study. In addition, we opted not to employ any additional inclusion or exclusion 
criteria specific to any particular disease. While a single ICD-10-specific definition of chronic conditions might 
impose limitations, it does provide a standardized and plain approach that facilitates ease of assessment and 
replication for broad selection of diseases. Finally, we did not account for the confounding effects of treatments, 
dietary habits, or medication intake.

Conclusion
In conclusion, our study presents a unique contribution to the field by utilizing extensive registry data for 
exploration of a diverse array of chronic diseases. While acknowledging certain limitations, our research 
provides valuable insights into understanding the microbial connection and specificity of metabolic predictors 
for incident chronic diseases. Our findings highlight the need for further research to consider comorbidities as 
additional confounders in assessing disease risk.

Methods
Sample description
In this study, we utilized retrospective and prospective data from well-characterized individuals in the Estonian 
Biobank (EstBB). Established in 2000, the EstBB encompasses over 210,000 adults (aged 18–93) across Estonia 
and maintains updated electronic health records (EHR) through regular linkages to primary care, hospital 
databases, and national registries, including the Cancer Registry and Causes of Death Registry, in addition to the 
national health insurance fund11,39. Disease and condition records were coded using International Classification 
of Diseases, 10th revision (ICD-10).

The study cohort comprised 991 individuals who joined the EstBB between 2002 and 2019. During 
recruitment, participants provided venous blood samples and completed extensive questionnaires covering 
health-related topics such as lifestyle, diet, and pre-existing ICD-10 coded clinical diagnoses11. 919 individuals 
with complete covariate information (age, sex, BMI, smoking status) were included in the subsequent analyses.

Chronic conditions were identified and aggregated based on the first three characters of ICD-10 codes from 
EHR data, enabling the tracking of participants’ health over time and the analysis of both prevalent and incident 
diseases. Prevalent diseases refer to ongoing or existing conditions that participants had at the time of sample 
collection. Incident diseases, on the other hand, are new cases of disease that developed during the follow-up 
period among participants who did not have the condition at the time of sample collection. For this study, we 
selected 14 chronic diseases with a minimum of 40 incident cases (Fig. 1b, Supplementary Table 1). The date 
of disease incidence for individuals without a prior diagnosis was defined as the first recorded diagnosis after 
their enrollment in EstBB. To increase the reliability of diagnosis data, individuals were classified as cases if they 
had at least two separate diagnosis entries on different dates during the follow-up period. Controls for each 
target disease were selected by excluding individuals with either incident or prevalent disease status, as well as 
those with only one diagnosis entry during the follow-up period. Within 919 cases included in the study, 37% 
had 0 comorbidities, 63% had 1 or more comorbidities. Supplementary Table S6 provides data on incident and 
prevalent comorbidities within study groups.

Metabolomics profiling
Untargeted metabolomics profiling on EDTA plasma samples stored in -80C was conducted in 2021 using 
an ultra-performance liquid chromatography coupled to tandem mass spectrometry (UPLC-MS/MS) system 
(HD4, Metabolon Inc., Durham, USA)40. Raw data were subjected to Metabolon´s standard quality control 
and processing, including imputation and batch-normalization of peak area data. Specifically, peaks were 
quantified using the area under the curve. For normalization, peak area measurements for each metabolite 
were adjusted by dividing by the median peak area of samples within each instrument batch (144 samples per 
plate). Measurements below the detection threshold were imputed with the minimum observed value for that 
metabolite. Subsequently, the data were log-transformed, mean-centered, and divided by the standard deviation 
for further analysis.

Compound identification was performed by comparing the data to Metabolon’s library of standards and 
recurrent unknown entities. This library contains comprehensive details such as retention time/index, mass-to-
charge ratio (m/z), and chromatographic data, including MS/MS spectral data. Metabolites were classified into 
three tiers based on the level of confirmation: (1) no asterisk: compound confirmed with an authentic chemical 
standard, (2) single asterisk: compound identified with confidence but not confirmed with a standard, (3) double 
asterisk: compound reasonably identified without an available standard. Unnamed/unknown metabolites, 
denoted with the prefix “X-,” represent a yet unidentifed group of reported compounds, consistently detected based 
on their molecular signature, including retention time, accurate mass, and fragmentation pattern. Additionally, 
metabolites were annotated into two classification levels: (1) “SUPER_PATHWAY”: broad metabolic pathway 
categories, and (2) “SUB_PATHWAY”: more specific metabolic pathway categories. Metabolites with fewer than 
10 measurements or designated as drugs (SUB_PATHWAY contains “Drug”) were eliminated. Metabolite levels 
were not adjusted for any treatment, medication or dietary intake data. The employed metabolomics pipeline 
encompasses well-established gut microbiota-derived metabolites, such as choline metabolites, tryptophan 
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metabolites in kynurenine and indole pathways, and bile acids18. Metadata for all analyzed metabolites can be 
found in Supplementary Table S3.

Statistical analysis
We employed time-dependent Cox proportional hazards regression models to evaluate the hazard ratio 
(HR) for incidence events relative to the control group. Cox models were fitted individually for each 
condition sub-cohort using the R package survival (v3.5.0). All models were adjusted for age, sex, BMI, and 
by current/previous smoking status. To address any potential imbalance in comorbidity burden between 
cases and controls, we conducted a secondary analysis supported by Principal Component Analysis (PCA). 
Briefly, pairwise Hamming distances were calculated from binarized comorbid disease status information 
for each selected disease and then subjected to PCA. Subsequently, all models were further adjusted by 
incorporating the first two principal components representing the comorbidity load. P values were corrected 
for multiple testing by application of Benjamini-Hochberg (B-H) procedure, with a significance threshold 
set at FDR < 0.1. To investigate the relationships between metabolite levels, the Pearson correlation 
coefficient was calculated for each pair of metabolites using the R package Hmisc (v5.1.2). This analysis 
was conducted separately within incident cases for each condition. All statistical analyses were performed 
and figures created using R v4.1.1

Literature analysis for metabolite and gut microbiome associations
In this study, we conducted a comprehensive analysis of metabolites, integrating data from existing literature 
to provide an additional layer of information on microbiome-metabolite associations. It’s essential to clarify 
that the microbiome composition analysis for the respective cases was beyond the scope of this study. We 
focused on large-scale studies (N > 300) that utilized MS metabolomics and metagenomic sequencing to 
explore the microbial capacity to predict serum or plasma metabolite levels22–25. Three of these studies 
(excluding Chen et al., 2022) utilized an untargeted MS platform by Metabolon. Specifically, we extracted 
explained variance data of metabolites from the supplementary data of the aforementioned publications. 
Additionally, when reported, we considered interactions with FDR < 0.05 as significant microbiome 
associations, resulting in 1132 significant associations out of the 1375 studied metabolites. To establish 
links with metabolites from these studies, we first used Metabolon ID, and when unavailable, we employed 
Metabolon Chemical Name, and finally Human Metabolome Database (HMDB) ID. For consistency, all 
HMDB IDs were transformed to 7-digit format, as required, from their original 5- and 6-digit accession 
numbers.

Data availability
The datasets generated and analyzed during the current study contain sensitive information from health-
care registers and are therefore not publicly available. However, they can be obtained from the correspond-
ing author upon reasonable request. The procedure for accessing the data from the Estonian Biobank is 
available at https://genomics.ut.ee/en/content/estonian-biobank. The datasets generated and analyzed dur-
ing the current study are not publicly available since the data access to the Estonian Biobank must follow 
the informed consent regulations of the Estonian Committee on Bioethics and Human Research, which 
are clearly described in the Data Access section at https://genomics.ut.ee/en/content/estonian-biobank. 
Rights of Estonian Biobank’s participants are regulated by Human Genes Research Act (HGRA) § 9 – Vol-
untary nature of gene donation (https://www.riigiteataja.ee/en/eli/ ee/531,102,013,003/consolide/current). 
All data access to the Estonian Biobank’s data must adhere to the informed consent regulations established 
by the Estonian Committee on Bioethics and Human Research. To initiate a request for phenotype data, it 
is necessary to submit a preliminary request to releases@ut.ee.
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