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Abstract  30 

 31 
Exposure to environmental pollutants, particularly during pregnancy, can have adverse consequences 32 

on child development but little is known about the effects of pollutant mixtures on endogenous 33 

metabolism in pregnant women. We aimed to identify urinary metabolic signatures associated with 34 

low level exposure to multiple environmental pollutants in pregnant women from the INMA (INfancia y 35 

Medio Ambiente)  birth cohort (Spain, N=750). 36 

35 chemical exposures were quantified in first trimester blood samples (organochlorine pesticides, 37 

PCBs, PFAS), in cord blood (mercury), and twice in urine at 12 and 32 weeks of pregnancy (metals, 38 

phthalates, bisphenol A). 1H nuclear magnetic resonance (NMR) metabolic profiles were acquired in 39 

the same two urine samples. We explored associations between exposures and metabolism through 40 

an exposome-metabolome wide association scan and multivariate O2PLS modelling. 41 

Novel and reproducible associations were found across two periods of pregnancy for 3 non-persistent 42 

pollutants and across two sub-cohorts for 4 of the persistent pollutants.  We found novel metabolic 43 

signatures associated with arsenic exposure: TMAO and dimethylamine possibly related to gut 44 

microbial methylamine metabolism and homarine related to fish intake, of tobacco smoke exposure 45 

related to coffee metabolism and PCBs with 3-hydroxyvaleric acid, usually released under 46 

ketoacidosis. 47 

These findings will have implications for further understanding of maternal-fetal health, and health 48 

across the life-course.  49 

Introduction 50 

Pregnancy is a key period during which to assess the exposome and its effects on both maternal and 51 

child health, due to the sensitivity of the developing fetus and the potential lifecourse impact1. 52 

Exposure during pregnancy to chemical environmental pollutants may adversely affect child 53 

development, even at low exposure levels, with evidence classified as good2 for associations between 54 

polychlorinated biphenyls (PCBs) and impaired fetal growth3 and between lead, methylmercury, PCBs 55 

and organophosphate pesticides and neurodevelopment4–7. For other ubiquitous pollutants, such as 56 

perfluoroalkyl substances (PFASs) and bisphenol A (BPA), evidence of associations with 57 

developmental effects has been classed as moderate or insufficient2. The exposome concept 58 

advocates systematic assessment of the totality of human environmental (i.e., nongenetic) exposures 59 

from conception onward including both endogenous and exogenous exposure domains8. It holds 60 

promise in improving the evidence base in this area. Measurement of multiple chemical exposures 61 

allows consideration of the complex chemical environment to which individuals are exposed and 62 

explicit correction for multiple testing when assessing associations with health effects9. In addition, 63 

through linkage of multiple exposures to holistic measures of physiological processes, biological 64 

pathways of effect can be uncovered. This may identify common pathways through which diverse 65 

pollutant classes can act in concert on health10.and provide a mechanistic link between exposure and 66 
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developmental endpoints, strengthening the evidence for causality through the 'meet-the middle' 67 

approach11. 68 

Experimental studies have shown that endocrine disruptors such as dichlorodiphenyltrichloroethane 69 

(DDT), arsenic, BPA and phthalates can disrupt metabolism through processes such as steroid 70 

hormone interaction12.  It is therefore hypothesised that environmental pollutants may impair 71 

development through disruption of normal metabolic processes during pregnancy13, and as such may 72 

be expected to have a detectable influence on metabolic profiles measured in biological samples in 73 

pregnant women.  For instance, work in animal models have found striking metabolic differences in 74 

offspring of exposed pregnant dams to BPA and a phthalate using NMR metabolomics14,15. Others 75 

specifically looking at the urinary metabolome of exposed mice themselves have found more modest 76 

changes when exposed to BPA which were supported by similar changes observed at higher doses 77 

or enzymatic perturbation16,17. A handful of studies have looked at the effects of environmental 78 

pollutants on the metabolome in humans. Cadmium exposure among the general UK population was 79 

associated with metabolic perturbations identified through 1H NMR spectroscopic analysis of urine 80 

samples, demonstrating the utility of the platform in this context18. Associations between arsenic 81 

exposure and the metabolome have been reported in urine of Chinese males 19,20,  and in cord blood 82 

of neonates 21. High-resolution metabolomic platforms have  been employed in studies of chlorinated 83 

by-product exposures and were able to simultaneously identify exogenous halogenated exposures 84 

and associated endogenous metabolic perturbations22,23.  85 

In this study, we sought to test the hypothesis that low-level environmental contaminants have 86 

detectable imprint on the metabolism of pregnant women, including pathways related to steroid 87 

hormone by-products , oxidative stress, lipid transport and oxidation. We have used data available 88 

among pregnant women enrolled in the INMA (INfancia y Medio Ambiente) population based birth 89 

cohort study, which aims to examine the role of environmental pollutants during pregnancy and early 90 

childhood in relation to child growth and development24. INMA has previously assessed both the 91 

exposome through multiple exogenous chemicals measured in biological samples25 and the 92 

metabolome through urinary 1H NMR spectroscopy26. Employing an agnostic exposome-wide 93 

association study approach, we aimed to link the exposome and metabolome domains to elucidate 94 

specific metabolic pathways that may be perturbed by exogenous exposure, thereby improving 95 

knowledge of the biological mechanisms through which exposures may exert their pathogenic effects. 96 

We performed separate analyses in two INMA study centres, Sabadell and Gipuzkoa, and at two time 97 

points during pregnancy, to assess the reproducibility of our findings. 98 

Methods 99 

Study population  100 

Among the seven cohorts in the INMA study, the Sabadell subcohort from the Mediterranean area 101 

(Catalonia, 2004−2008) and the Gipuzkoa cohort from the Atlantic area (Basque Country, 2006-2008) 102 
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were selected based on sample and exposure data availability. In these two INMA sub-cohorts, 103 

pregnant women from the general population were recruited at the first trimester routine antenatal 104 

care visit in the main public hospital or health centre of reference, using the following inclusion criteria: 105 

women had to be at least 16 years old, intend to deliver in the reference hospital, have a singleton 106 

pregnancy with no assisted conception, and be able to read and write in Spanish or Catalan. A full 107 

description of the INMA project protocol and study characteristics have been previously described24. 108 

Women provided socio-demographic, medical history and lifestyle information and completed a 109 

validated food frequency questionnaire27 during interviews with trained fieldworkers at the first 110 

(12.4±1.2 weeks pregnancy) and third (33.9±1.3 weeks) trimester visits. Spot urine samples were 111 

collected at both visits and blood samples were collected at the first trimester visit. Cord blood 112 

samples were collected at birth. The study was conducted with the approval of local hospital ethics 113 

committees, and written informed consent was obtained from all women. A total of 1500 urine 114 

samples were available, 410 for each 1st and 3rd trimesters for Gipuzkoa and 340 for each 1st and 3rd 115 

trimesters for Sabadell. 116 

Exposure assessment 117 

Concentrations of 35 different exposures were available, with additional description of methods and 118 

references available elsewhere25. Exposures were selected on the basis of availability from current or 119 

ongoing INMA studies. Previous INMA studies have targeted exposures that are of current health 120 

concern and widely distributed within the population. 121 

In the INMA Sabadell subcohort, pollutants  and metals (in total 23 exposures) at two time points in 1st 122 

and 3rd trimester urine samples were available: BPA, phthalate metabolites (mono(2-ethyl-5-123 

carboxypentyl) phthalate (MECPP), Monobenzyl phthalate (MBzP), Mono-2-ethyl-5-hydroxyhexyl 124 

phthalate (MEHHP), mono-2-ethylhexyl phthalate (MEHP), Mono-2-ethyl-5-oxohexyl phthalate 125 

(MEOHP), Monoethyl phthalate (MEP), Di-iso-butyl phthalate (DiBP) Mono-isobutyl phthalate (MiBP), 126 

Mono-N-butyl phthalate (MnBP), Mono-(4-methyl-7- hydroxy-octyl) phthalate (7OH-mMeOP), Mono[2-127 

(carboxymethyl)hexyl] phthalate (MCMHP)) and metalloids (arsenic (As), cadmium (Cd), cobalt (Co), 128 

caesium (Cs), copper (Cu), molybdenum (Mo), nickel (Ni), lead (Pb), antimony (Sb), selenium (Se), 129 

thallium (Tl), zinc (Zn)). 130 

In Sabadell and Gizpukoa, the following persistent pollutants (in total 12) were available at one time 131 

point: organochlorines (b-hexachlorocyclohexane (bHCH), dichlorodiphenyldichloroethylene (DDE), 132 

hexachlorobenzene (HCB), PCB cogeners 138, 153 and 180) and PFASs (perfluorohexane sulfonate 133 

(PFHxS), perfluorononanoic acid (PFNA), perfluorooctanoic acid (PFOA) and 134 

perfluorooctanesulphonate (PFOS)) in 1st trimester serum samples.. In addition, cotinine was 135 

measured in 3rd trimester urine samples and mercury was measured in cord blood samples. In the 136 

following sections, cotinine was classified as a persistent exposure since the habit (smoking) is often 137 

persistent although its half-life is only of a few days. 138 
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Organochlorine measurements were normalized to total serum lipid levels and measurements in urine 139 

were normalized to creatinine concentration (measured through a standard clinical chemistry assay) 140 

to correct for urine dilution.  141 

NMR metabonomics 142 

Urinary metabolic profiles were acquired twice during pregnancy (first and third trimesters) to capture 143 

potential changes in metabolism. Profiles were generated by 1H NMR spectroscopy at 600 MHz28 as 144 

fully described in SI Methods, and corrected  for  differential  dilution  of  spot  urine  samples  using 145 

probabilistic  quotient  normalisation29. Relative concentrations of 65 metabolites, 54 of which were 146 

structurally identified, were obtained after manual spectral binning (integration within a fixed chemical 147 

shift window). These metabolites, represented by spectral integrals of single representative 148 

resonances, were selected on the basis of being present in a high proportion  of  the  spectra,  having  149 

a  high  signal-to-noise  ratio,  and exhibiting  limited  overlap  with  other  resonances.  A list of the 65 150 

metabolites, their integration window, their metabolic pathways and details on assignments are 151 

presented in Table S1. 152 

Statistical analysis 153 

Treatment of missings in exposure variables 154 

There were missing values in the exposure variables due to sample never been analysed ranging 155 

from 3.8% (arsenic and cotinine) to 38 and 49% (perfluorohexane sulfonate, in Sabadell and 156 

Gipuzkoa respectively) of participants. Only 16 and 17% (1st and 3rd trimesters respectively) of the 157 

Sabadell participants had complete data on all 23 non-persistent exposure variables and 45% of the 158 

participants in both subcohorts had complete data on all 12 persistent exposure variables. Overall, 159 

18.0% of exposure data values were missing (4436 data points out of the 24640 total values for 23 160 

non-persistent chemicals × 410 women x two time points and 12 persistent chemicals x 750 women). 161 

Therefore, to evaluate multiple pollutant exposures in one model, we adapted the multiple imputation 162 

approach to impute the missing exposure values30 and selected at random one unique dataset. To 163 

determine which of the variables to include as predictors in the imputation process, we evaluated 164 

correlation, t-test, or chi-square test with each one of the imputed variables, as appropriate. We used 165 

imputation models that were more general than the analysis models and included the relative 166 

metabolite concentrations, the variables related to the missingness, and auxiliary variables that were 167 

associated with the exposure. The same approach was applied to impute missing values for the 168 

model covariates. Missing values due to values being under the limit of detection were imputed using 169 

the minimum value of the exposure variable divided by 2. 170 

Identifying exposure-metabolite association pairs  171 

We analyzed 1st and 3rd trimester samples separately and Gipuzkoa and Sabadell samples separately 172 

and compared associations between population and time points. Both cross-sectional and longitudinal 173 

associations were investigated (i.e. 1st trimester exposure with 1st trimester metabolic profile and 1st 174 

trimester exposure with 3rd trimester metabolic profile). We initially used an ‘exposome-metabolome 175 
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wide association study’ (EMWAS) approach by computing multiple pairwise correlations between 176 

exposures and metabolites. Spearman’s partial correlations, adjusted for the time of the day of 177 

sampling (non-persistent analysis only), gestational week, age and body mass index (BMI), were 178 

calculated in the basic adjustment set. Prior to partial correlation analyses variables were log-179 

transformed to give a normal distribution. EMWAS level statistical significance was set to 5% for 180 

adjusted p-value (“q-values” adjusted for 5% false discovery rate using the package “fdrtool” in R) 181 
31,32.  182 

Greater confidence was given to observed associations passing FDR significance at two timepoints or 183 

in both sub-cohorts. 184 

Mapping the pregnancy internal exposures by urinary metabolic profiles: a pattern recognition 185 

approach  186 

Relative concentrations of 65 urinary metabolites were used in the analysis. O2PLS is an extension of 187 

a supervised multivariate analysis method—partial least squares—with an integrated orthogonal 188 

signal correction filter that allows prediction in both directions between multivariate 189 

matrices X and Y33,34. The exposure variables and metabolite data were mean centred and univariate-190 

scaled. Sevenfold cross-validation was performed to calculate Q2-values. Like with the loadings from 191 

PCA, the loadings from O2PLS are interpreted in the same way, particularly, we look for clusters, 192 

outliers and interesting patterns in the line plots. Highly correlated exposure or metabolites have 193 

similar weights in the loading vectors and appear close together or in the same section in the loading 194 

plots of all dimensions (PCs). In addition, the individual variable Q2 (colour scale in Figures 1 and 2) is 195 

interpreted as the strength of correlation/model predictability between the two blocks of data (urine 196 

metabolome and exposures). Overall statistical parameters are interpreted as follow: R2X is the 197 

variation in the metabolome (X) explained by the model, the rest represents noise, R2Xcorr is the 198 

proportion of R2X correlated to the exposome (joint variance). In the results, we discuss the product of 199 

R2X and R2Xcorr. The same interpretation applies to R2Y and R2Ycorr which represent the variation in 200 

the exposures (Y). Q2X(cum) and Q2Y(cum) represent the overall predictive ability of the O2PLS 201 

model. Sample permutation (n=1000) was performed to estimate the significance of the obtained Q2-202 

levels. By randomly permuting the metabolic profiles and exposures and generating ‘null’ models 203 

(Supplementary Figures S1A–D), we were able to identify from the model parameters (individual 204 

variable Q2) a subset of exposures and metabolites that were significantly correlated. Analysis was 205 

performed in the R statistical environment using the open-source package (“pcaMethods”) and an 206 

in-house script to perform O2PLS. Interpretation of the model parameters and plots were based on 207 

two publications35,36.  208 

Basic adjusted model comparison with lifestyle and clinical factors adjusted model. 209 

We evaluated the change in the magnitude of the exposure-metabolite association due to the 210 

inclusion of lifestyle and clinical factors in the model, by comparing the estimated effects (ρ) of the 211 

basic adjusted partial correlations with those of the partial correlations including additional lifestyle 212 

and clinical factors. This was quantified by the percentage attenuation. Lifestyle and clinical factors 213 

https://www.nature.com/articles/onc2015333#s1
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considered included characteristics known to affect endogenous or exogenous metabolism, in 214 

particular during pregnancy or that may be an intermediate factor, including: active tobacco smoking 215 

at week 12, total gestational weight gain, intake of coffee/tea, total seafood, meat, dairy food, dietary 216 

fats, folic acid, vitamin B12. Additional covariates were added to the basic adjusted correlations one-217 

by-one. 95% confidence intervals were calculated for the percentage attenuation37. 218 

Results 219 

A total of 1500 1H NMR spectra of urine were generated from a total of 750 women (340 in Sabadell 220 

and 410 in Gipuzkoa bcohorts). Women were included in this analysis only if they had NMR 221 

metabolomics data acquired at both 1st and 3rd trimesters. Mothers had a median age (in Sabadell-222 

Gipuzkoa respectively) of 30-31,were mainly born in Spain (90-97%) and reached secondary (42-223 

35%) or university education (31-54%) in most cases (Table S2). Table S3 and S4 present the non-224 

persistent/metal and persistent pollutant levels, respectively, in each sub-cohort for each trimester 225 

available. Median levels of non-persistent pollutants and metals in Sabadell population were similar in 226 

the 1st and 3rd trimesters, except for the following metals: cobalt, caesium, copper and molybdenum, 227 

as previously described38. However, the 1st-3rd trimester correlations, indicating intra-individual 228 

variability during pregnancy, were low for BPA, MEHHP and MEOHP (ρ<0.15) and relatively high for 229 

metals including cadmium and zinc (ρ>0.5), indicating a low intra-individual variability across 230 

trimesters. Differences in the levels of persistent chemicals between the two cohorts were observed 231 

with higher levels of β-HCH, mercury and PCBs in Gipuzkoa in comparison with Sabadell but lower 232 

levels of DDE, HCB and PFAS. Cotinine levels, related to both active and passive smoking habits, 233 

were in line with reported smoking level via questionnaire with 29-21% of the population smoking at 234 

least 1 to 10 cigarettes a day. Dietary patterns were also compared and Gipuzkoa women reported a 235 

less calorific and less fatty diet with a higher consumption of large oily fish and white fish but a lower 236 

consumption of shellfish in comparison to Sabadell women. Data on organic food or other dietary 237 

behaviours were not available.  238 

Identifying exposure-metabolite association pairs 239 

Non-persistent pollutants and metals. 81 and 71 cross-sectional associations were identified as 240 

significant (out of 1495 associations tested, after adjustment for multiple testing using FDR, the time 241 

of sampling, gestational week, maternal BMI and age) in the first and third trimesters respectively 242 

(Figure S1, Table 1). Of these, 19 associations were replicated in both trimesters and summarised in 243 

table 3 including the strongest ones for arsenic with trimethylamine oxide (TMAO, Spearman's rho 244 

(ρ,1st)=0.36, p=8.60E-12 and ρ(3rd)=0.25, p=2.9E-06), dimethylamine (ρ(1st)=0.23,p=2.2E-05 and 245 

ρ(3rd)=0.19, 4.7E-04) and homarine (ρ(1st)=0.25,p=3.6E-06 and ρ(3rd)=0.29, p=4.5E-08). However, 246 

these associations were not observed longitudinally (1st trimester exposure with 3rd trimester urine 247 

metabolome). Four heavy metals, thallium, caesium, copper and lead presented similar metabolic 248 

association patterns including positive associations with scyllo-inositol, acetate, formate, 249 

dimethylamine and negative association with N-acetylserotonin (tentative assignment), N-acetyl 250 

neuraminic acid and trans-aconitate. Several of these associations were also observed longitudinally, 251 

in particular for thallium with N-acetylserotonin and N-acetyl neuraminic acid and caesium with 3-252 
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hydroxyisovalerate. Lead, cadmium, thallium and copper also showed trimester specific associations 253 

with steroid hormones (Table S5). Positive associations with pregnanolone-3-glucuronide were 254 

particularly strong in the first trimester (from ρ=0.27 for thallium to 0.17 for copper, p=5.9E-07 to 1.3E-255 

03) and negative associations with oestrogen metabolites in the third trimester (ρ=-0.28 for thallium to 256 

-0.22 for caesium and cadmium, p=1.6E-07 to 4.5E-05). These associations between thallium and 257 

copper and oestrogens were also observed in longitudinal associations between 1st trimester 258 

exposure measurement and 3rd trimester oestrogens. As a general pattern, all phthalates were 259 

negatively associated with kreb’s cycle metabolites, succinate and citrate and the organic acid 260 

acetate, with stronger associations in the first trimester. No significant associations were found with 261 

BPA.  262 

Persistent pollutants. Among this set of exposures which was measured only once during pregnancy, 263 

5 metabolic associations were statistically significant in the first trimester and 12 in the third trimester 264 

in the Sabadell cohort (out of 780 associations tested, all the exposures were measured in the first 265 

trimester except for cotinine, in the third trimester, and mercury, in cord blood at birth) after 266 

adjustment for gestational week, maternal BMI, age and multiple testing using FDR (Figure S2, Table 267 

2). Five associations in the third trimester were replicated in the Gizpukoa cohort after FDR correction 268 

(summarised  in Table 3), including for PCBs 153 and 180 with 3-hydroxyisovalerate (ρ between -0.18 269 

and -0.22). Mercury was associated with taurine in the third trimester (ρ= 0.21) and cotinine was 270 

associated with N1-methylnicotinic acid and N-methylpyridinium (ρ between 0.20 and 0.22). All these 271 

associations were also observed in the first trimester with at least p<0.05 (highlighted in red in Table 272 

2). Additional patterns of associations were observed, although not common in both cohorts at FDR 273 

levels. 4-deoxyerythronic acid was negatively associated with all three PCBs in the first trimester (ρ 274 

between -0.20 and -0.22). This association was replicated in Gipuzkoa without reaching FDR 275 

threshold (p-values=0.002-0.03). Cotinine was associated with lower citrate in both trimesters and 276 

cohorts but passing multiple testing correction only in the first trimester in Sabadell (ρ=-0.22). Cotinine 277 

was also associated to a lesser extent to furoylglycine (ρ=0.19) in the third trimester. Mercury was 278 

consistently associated with decreased oestrogen metabolites (ρ=-0.16) and positively associated 279 

with TMAO in both cohorts and at both trimesters with p <0.05 (ρ=0.11-0.2). Chlorinated pesticides, 280 

including bHCH, DDE and DDT did not associate significantly with urine metabolites. and 281 

perfluorinated compound (PFHxS, PFNA and PFOA) associations could not be replicated.  282 

Table 3 displays those associations that were FDR-significant in both trimesters for the non-persistent 283 

pollutant analysis or in both sub-cohorts for persistent pollutant analysis. In Supplementary figures S3 284 

and S4 are presented the complete case analysis for comparison (non-imputed datasets) which 285 

display very similar results. 286 

Mapping the pregnancy internal exposures by urinary metabolic profiles: a pattern recognition 287 

approach 288 
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O2PLS models were constructed to identify patterns of co-variation between urinary metabolites and 289 

non-persistent pollutant levels complementing the first approach exploring exposure-metabolite 290 

association one by one and free of multicollinearity issue. For example, there is evidence from the 291 

results of the first approach that several metals affect the same group of metabolites and vice versa 292 

that groups of metabolites are modified in concert as the consequence of exposures. Statistics for all 293 

O2PLS models are shown in Table S6. 294 

Non-persistent pollutants. Overall, in the first trimester, 3.4% of the variation in the metabolome 295 

modelled was correlated to the exposome and 24.3% of the exposome variation modelled was 296 

correlated to the metabolome.  Although the overall predictive ability of the model was close to zero, 297 

the model performed significantly better than random models through permutation validation 298 

(p=0.001, Figure S3-6). The following patterns were identified based on the position of the variables 299 

on the loading plots and the strength of the correlation Q2 (red indicate a strong correlation): TMAO 300 

and arsenic had both large estimated loadings (on the second principal component) in the first 301 

trimester and the highest correlation Q2 (TMAO: -0.45 PC2, Q2=0.32 and Arsenic: -0.80 PC2, 302 

Q2=0.23), as observed in Figure 1.A and B, confirming that this is the strongest association (both 303 

p<0.001) in these datasets. Thallium, copper and caesium clustered at the top left corner of the 304 

loadings in Figure 1.D and the metabolites: scyllo-inositol, 3-hydroxybutyrate/3-aminoisobutyrate, 305 

carnitine and formate also at the top right corner in Figure 1.B (Q2=0.06-0.12, p<0.05) indicating 306 

positive co-variation. In the third trimester, arsenic and TMAO had again the strongest correlation with 307 

homarine clustered with TMAO and copper, lead and selenium in Figure 1.D were clustered to the 308 

top of the exposure loading plot. Opposite to this cluster at the bottom of the metabolome plot were N-309 

acetylserotonin, N-acetyl neuraminic acid, dimethylamine and oestrogens, indicating a negative 310 

correlation with the metals. Generally, the third trimester O2PLS model presented weaker 311 

associations based on individual variable Q2 than the first trimester.  312 

Persistent pollutants. Overall, 4.0% of the variation in the third trimester metabolome modelled was 313 

correlated to the persistent pollutants and 43.3% of the pollutant variation modelled was correlated to 314 

the metabolome.  Very similar model parameters were found in Gipzukoa (see Table S3). Again 315 

model predictability was significantly better than random models through permutations although Q2 316 

was close to zero (permutation validation p= 0.001 in both cohorts). In both cohorts, PCBs 180, was 317 

clustered on the left side of the loading plots (Figure 2 A-D) meaning that it is negatively correlated to 318 

urinary metabolites (Q2=0.03-0.05), 3-hydroxyisovalerate is the metabolite with the highest weight on 319 

PC1, i.e. on the right side of the loading plot in both cohort. This result is consistent with the univariate 320 

analysis indicating a significant negative association between PCBs and 3-hydroxyisovalerate. In 321 

Sabadell only, cotinine, on the top of the loading plot displayed the strongest correlation (Q2=0.14, 322 

p=0.005) in Figure 2.A and N-methylnicotinic acid, N-methylpyridinium and furoylglycine clustered on 323 

the left side of the metabolite loading plot in both cohorts (Figure 2.C, left quadrant, Q2=0.06-0.08). 324 

These results also confirm the univariate analysis although none of the variables had a significant 325 

predictive ability (Q2) compared to “null” models. Other associations observed in the univariate 326 

analysis such as mercury with taurine were not observed in the O2PLS analysis. 327 
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Urine metabolites and pollutant associations in relation to main lifestyle, demographic and 328 

clinical parameters 329 

We evaluated the change in the magnitude of the exposure-metabolite association due to the 330 

inclusion of clinical and lifestyle factors in the model, by comparing the estimated effects (ρ) of the 331 

basic adjusted correlations (adjusted for maternal BMI, age, gestational week and time of the day at 332 

sampling) with those of the partial correlations including different clinical and lifestyle factors (Table 333 

S8 has the estimated effects (ρ) and Table S9 the attenuation percentage). This analysis was 334 

conducted on selected associations replicated across the two trimesters in Sabadell or replicated across 335 

the cohorts in the third trimester (summarised in table 3)..Addition in the models of most of the clinical 336 

and lifestyle factors did not result in a significant reduction (based on the 95% confidence intervals for 337 

the attenuation percentage) in the effect size for the metabolite-exposure associations. Attenuation for 338 

the arsenic-TMAO association correlation was 10% (95% CI: 2, 19) in the first trimester, suggesting 339 

that part of this association could be explained by reported seafood intake. We also observed a small 340 

attenuation in the third trimester (6% CI: -4, 17). The largest reduction in the effect size for a 341 

metabolite-exposure association was observed when including coffee/tea intake in the partial 342 

correlations for caesium with dimethylamine in both trimesters (1st trim.: 13% [0.4; 26] and 3rd 343 

trim.:16% [2, 30]), and formate (1st: 10%[-0.1; 20] and 3rd: 18% [1, 34]). Effect size reductions due to 344 

the inclusion of coffee/tea intake for cotinine association with N1-methylnicotinic acid (31%, 95% CI: 9; 345 

53) and N-methylpyridinium (22%, 95% CI: 8; 37) were even larger. Finally, vitamin B12 showed a 346 

20% effect reduction in the 3-hydroxyisovalerate/ PCB153 association in both cohorts.  347 

Discussion 348 

Using an approach based targeted pollutant measurements and untargeted NMR-based metabolic 349 

profiling, we have for the first time demonstrated reproducible associations between measurements of 350 

multiple pollutant exposures and endogenous metabolic processes in a highly relevant population. 351 

Our results have implications for general epidemiological and clinical practice by providing improved 352 

understanding of the metabolically mediated health effects of environmental exposures. Furthermore, 353 

the observed associations may reflect differences in the in-utero environment that could potentially 354 

impact on normal fetal development and subsequent child health2.  Exposure-metabolite associations 355 

were validated through two time points during pregnancy for non-persistent pollutants and in two 356 

cohorts for the persistent pollutants. In addition, two statistical approaches were applied, first 357 

univariate, aiming to characterise and quantify each metabolite-exposure association and second, 358 

O2PLS, to explore common exposure-metabolite patterns in a multivariate way. We found metabolic 359 

associations with arsenic exposure, potentially related to both seafood consumption and gut microbial 360 

methylamine metabolism, of tobacco smoke exposure related to coffee metabolism, of mercury with 361 

taurine and oestrogens indicating anti-oxidative stress and endocrine perturbation and of PCBs with 362 

3-hydroxyisovalerate, an organic acid ketogenosis 39. While most of these associations are cross-363 

sectional, and therefore difficult to confirm the direction of causal pathways, they demonstrate 364 

reproducible interaction between exogenous chemical exposures and endogenous metabolites.  365 

 366 
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Urinary metabolic footprint of metal exposure during pregnancy 367 

Non-persistent pollutants, including metals and phthalates, showed distinctive patterns of association 368 

with urinary metabolites in pregnancy and bisphenol A showed no associations. One group of metals: 369 

thallium, caesium, copper and lead, showed similar patterns. These metals were mostly associated 370 

with increased scyllo-inositol, acetate, formate, carnitine and decreased dimethylamine and N-371 

acetylated metabolites. They were detected in more than 90% of the samples except thallium which 372 

was detected only in 15-20% of the women, and had similar levels to previous studies38. Some of 373 

these metals possess essential metabolic functionalities, such as copper (Cu) and others are toxic, 374 

depending on their form (organic or inorganic) and dose, such as mercury (Hg), lead (Pb), arsenic 375 

(As), thallium (Tl) or cadmium (Cd). They all have the capacity to bind to vital cellular components, 376 

such as structural proteins, enzymes, and nucleic acids, and interfere with their function, as well as 377 

provoke oxidative stress40. The common metabolic signatures of these metals observed in this study 378 

(but apparently different metabolic pathways) may arise from a common source of exposure since 379 

they are correlated in our sample25 or reflect common renal excretion pathways (glomerular filtration 380 

and tubular reabsorption) 41–43. Urinary lead, cadmium, thallium and copper showed trimester specific 381 

associations with steroid hormone by-products including positive associations with pregnanolone-3-382 

glucuronide in the first trimester and negative associations with oestrogen metabolites. Mercury as 383 

measured in cord blood was also associated with lower urinary oestrogen metabolites in the third 384 

trimester. In line with our results, the following metals have been previously reported as endocrine 385 

disruptors: cadmium44,45, mercury46 and lead47 and were more specifically shown to stimulate 386 

progesterone synthesis at low levels. Supporting evidence from animal and human studies were 387 

published indicating that mercury can impair endocrine function through its ability to reduce hormone-388 

receptor binding or through the inhibition of one or more key enzymes or steps in hormone 389 

biosynthesis48. Both oestrogen and progesterone by-products were previously shown to be 390 

associated with fetal growth outcomes in this population26. Mercury was consistently associated also 391 

with increased taurine in the third trimester indicating a potential adaptive response of the antioxidant 392 

system through glutathione repletion or more broadly liver damage 49,50.  393 

Total urinary arsenic displayed among the strongest association with urinary metabolites (arsenic-394 

TMAO: Spearman's rho (ρ,1st)=0.36, p=8.60E-12 and ρ(3rd)=0.25, p=2.9E-06), i.e. the two 395 

methylamines: TMAO and dimethylamine. In contrast to other metalloids, the total arsenic urine 396 

concentrations in the mothers of the Sabadell cohort, showed particularly high concentration (median 397 

32 and 34 μg/g creatinine in the 1st and 3rd trimesters respectively) when compared to other non-398 

exposed populations from European countries, Australia and US (populations without arsenic-399 

contaminated waters nor occupational exposure)51. The main source of arsenic in Sabadell women 400 

was shown to be seafood, particularly lean fish, based on questionnaire data51. In an arsenic 401 

speciation study in a subset of pregnant women from Valencia within the INMA cohort, arsenobetaine, 402 

monomethylarsonic acid (MMA), dimethylarsonic acid (DMA) and inorganic arsenic were the main 403 

species identified in urine52. The major source of urinary arsenobetaine is from dietary seafood intake, 404 

whereas MMA and DMA arise from reduction and methylation of inorganic arsenic (both Arsenite (III) 405 
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and Arsenate (IV)).  In addition, the gut microbiome has been shown to be capable of metabolism of 406 

inorganic arsenic via methylation and thiolation53,54. Our results are in line with these previous 407 

findings. TMAO is a small organic metabolite found in high concentrations in fish which is rapidly 408 

absorbed and excreted in the urine55,56. In addition, metabolic retroversion of TMAO to TMA by the gut 409 

microflora followed by subsequent oxidation in the liver by flavin-containing monooxygenases (FMO) 410 

has been shown to also contribute to urinary TMAO excretion57.  Urinary TMAO excretion has been 411 

shown to be highly variable in subjects following fish ingestion which has been attributed to gut 412 

microfloral differences55. Indeed we have found that urinary TMAO excretion in HELIX children across 413 

a week is highly variable both within and between individuals58. Our study is the first to highlight a 414 

strong and significant association between urinary total arsenic and TMAO in two cohorts. Arsenic, 415 

was also positively associated to a newly identified metabolite; homarine. Homarine (N-methylpicolinic 416 

acid) is widely distributed in marine invertebrates, in particular in molluscs and crustaceans 59 but has 417 

never been measured to our knowledge in humans. Therefore, it likely rises from the consumption of 418 

seafood although we could not completely confirm this based on dietary frequency questionnaires. 419 

Further adjustment for fish intake (dietary recall) only reduced the partial correlation coefficient 420 

between arsenic and TMAO by ca. 10% but the fish intake influence on TMAO might be 421 

underestimated due to the exposure error common in this type of dietary recall and the rapid 422 

clearance of TMAO. 423 

Phthalates, PCBs and other pollutants during pregnancy 424 

Phthalates were consistently associated with decreased urinary succinate and acetate in both cohorts 425 

and both trimesters (with stronger associations in the first trimester). Previous studies of phthalate 426 

exposure and endogenous metabolism are scarce and difficult to compare. One fertility study in 364 427 

Chinese male subjects exposed to low-level environmental phthalates demonstrated a perturbed fatty 428 

acid beta-oxidation pathway and disturbed amino acid metabolism (alanine, taurine, tryptophan, 429 

ornithine, cystine and derivatives) 60. In line with our results, an animal study observed changes in 430 

pyruvate metabolism in rats exposed to DEP during the prepubertal period 61. This type of metabolic 431 

perturbations, related with defects in mitochondrial metabolism (pyruvate, Kreb’s cycle, acetyl-coA 432 

metabolism), should be better addressed in the future with metabolic flux studies in the context of 433 

phthalate exposure. 434 

Among the persistent pollutants measured in maternal serum, only PCBs were consistently 435 

associated in both cohorts with urinary metabolic phenotypes. 3-hydroxyisovalerate, a product of the 436 

L-leucine mitochondrial catabolic pathway, was found to be decreased in women more exposed to 437 

PCBs. This metabolite was previously found decreased in a population with higher levels of cadmium 438 

exposure and smokers18.  439 

Other pollutants such as BPA and PFAS didn’t show any consistent associations with the urine 440 

metabolome during pregnancy. This is in line with the inconsistent evidence reported for these 441 

chemicals and associations with child health2. 442 
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Pollutant associations and coffee intake 443 

Urinary metabolic signatures of cotinine appeared to be related to coffee/tea consumption. Indeed, N-444 

methylnicotinic acid, (trigonelline) is known as the second most abundant alkaloid in coffee after 445 

caffeine. In addition, two more metabolites associated with cotinine, i.e. N-methylpyridinium and 446 

furoylglycine, are known to be dependent on the roasting procedure of the coffee bean and therefore 447 

not influenced by consumption of tea, fruit and vegetables, or caffeine-containing energy drinks, which 448 

make them highly specific to coffee62. The association between cotinine and coffee metabolites might 449 

be further explained by an acceleration of caffeine metabolism in tobacco exposed women possibly 450 

due to cigarette smoking activating cytochrome P450-mediated alkaloid metabolism63. Indeed, a 451 

previous study on chronic obstructive pulmonary disease (COPD) showed that downstream caffeine 452 

metabolites, were elevated in the serum samples of COPD smokers as compared with both healthy 453 

smokers and COPD non-smokers64. Taken together, these coffee biomarkers in combination with 454 

cotinine might be used to disentangle the health effect of smoking and coffee drinking habits during 455 

pregnancy. Citrate was also consistently lower in women from both cohorts at both trimesters when 456 

exposed to tobacco smoke. This result is in line with a previous study in a general human population 457 

which demonstrated that smoking could induce a long-term change in citrate metabolism, possibly 458 

reflecting mitochondrial perturbation and oxidative stress18. 459 

As exposome research gathers increasingly richer data sets in population studies, researchers find 460 

themselves confronted with complex exposure profiles that render identification of exposure–outcome 461 

associations using conventional statistical analyses challenging. In our study, we applied two different 462 

complementary statistical approaches: one conventional method based on single-exposure linear 463 

regression models followed by multiple testing correction and the other one inspired by systems 464 

biology, multivariate modelling and multi-omics integration: O2PLS36, recently applied to exposure-465 

mixture models65. Both these methods have limitations, the first one giving rise to potential false 466 

positive results and the second one sometimes leading to overfitting of the data, lack of interpretability 467 

and absence of specific adjustment for known confounders. However, to overcome some of these 468 

problems in our study we used replication across two cohorts and time points to validate our findings, 469 

interpreted exposure-metabolite association in light of potential intermediary factors in an attenuation 470 

analysis and used cross-validation and model permutation to ensure we had statistically robust and 471 

meaningful O2PLS models. 472 

Our study had some limitations: although the results were replicated in two different cohorts for the 473 

persistent pollutants, for the non-persistent analysis, data were only available in Sabadell. While we 474 

were able to replicate some associations within this cohort in two different sampling time-points, the 475 

urinary metabolic profile and overall xenobiotic metabolism vary greatly between the first and third 476 

trimester of pregnancy26,38. Therefore, we did not expect to find exactly the same associations in both 477 

trimesters, as illustrated for steroid hormones and endocrine disrupting metals.  478 

Recent advances in high-resolution metabolic phenotyping and metabolite identification have 479 

provided the means for a full systems level integration of both the exposome and human metabolism 480 
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and will likely drive the continued development of personalised health assessment66. It will be 481 

important to evaluate the additional prognostic value of metabolomic measurements compared to 482 

established exposure assessment and clinical visits. Finally, of course, it is impossible within the 483 

context of this cross-sectional study to determine the direction of associations between pollutant and 484 

metabolite measurements. For instance, it is possible that the existing metabolic phenotype may 485 

impact pollutant levels available for measurement in biological samples. In this regard, the strength of 486 

our study lies in the rich exposure, lifestyle, diet and metabolic data available, across multiple time 487 

points in two populations. Finally, the consequences of prenatal pollutant exposures on child 488 

metabolic phenotype was not assessed. These issues are currently being examined in follow-up 489 

studies (www.projecthelix.eu)67.  490 
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Tables 
Table 1. Cross-sectional and longitudinal associations between non-persistent pollutants/metals and the urine metabolome reproduced in the first 
and third trimesters of pregnancy . List of pairwise correlations with Spearman correlation coefficient, ρ and p-values that pass 0.05 threshold (in bold 
when they pass the FDR correction). Only the associations with at least one statistically significant association across all analyses after FDR correction are 
displayed. 

   
1st trimester 

(cross-sectional associations) 
3rd trimester 

(cross-sectional associations)  
1st-3rd trimester 

(longitudinal associations)a 

 

Exposures Metabolites 
Spearman 
correlation 

coefficient, ρ 
p -value 

Spearman 
correlation 

coefficient, ρ 
p-value 

Spearman 
correlation 

coefficient, ρ 
p-value 

M
et

al
s (

to
xi

c)
 

Arsenic 

Dimethylamine 0.23 2.2E-05 0.19 4.7E-04 -0.11 1.1E-01 

Trimethylamine oxide 0.36 1.0E-11 0.25 2.9E-06 0.049 1.7E-01 

Homarine 0.25 3.6E-06 0.29 4.1E-08 -0.003 8.3E-01 

Cadmium N-acetylserotonin -0.17 1.3E-03 -0.16 3.2E-03 -0.06 6.7E-01 

Lead 

Acetate 0.2 1.9E-03 0.13 1.4E-02 0.066 8.5E-01 

Carnitine 0.13 7.5E-04 0.25 2.8E-06 0.045 4.9E-01 

Lysine 0.16 1.7E-05 0.11 4.1E-02 0.095 1.4E-01 

N-acetylserotonin -0.23 2.4E-04 -0.27 7.6E-07 -0.12 4.9E-01 

UA 1.15 (d) 0.17 1.9E-02 0.16 3.6E-03 0.088 1.7E-01 

trans-Aconitate -0.22 3.0E-03 -0.16 3.8E-03 -0.048 9.8E-01 

Nickel 

Dimethylamine -0.17 1.9E-05 -0.19 4.5E-04 -0.12 2.2E-01 

N-acetylserotonin -0.18 1.5E-03 -0.18 7.0E-04 -0.11 4.1E-01 

N1-methyl-nicotinamide -0.23 4.2E-05 -0.16 3.2E-03 0.074 3.2E-01 

Thallium 

Acetate 0.21 1.4E-04 0.18 7.2E-04 0.00094 7.9E-01 

Carnitine 0.11 4.1E-02 0.4 2.8E-14 0.044 9.7E-01 

Dimethylamine -0.16 3.8E-03 -0.15 5.5E-03 -0.077 7.7E-02 

Formate 0.27 4.3E-07 0.2 2.2E-04 0.036 5.4E-01 

Isoleucine -0.12 2.5E-02 -0.3 2.4E-08 -0.066 5.7E-02 

N-acetyl neuraminic acid -0.22 5.3E-05 -0.21 1.2E-04 -0.0021 1.6E-02 
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N-acetylserotonin -0.19 4.4E-04 -0.37 1.4E-12 -0.083 4.9E-02 

Oestrogen metabolites -0.13 1.5E-02 -0.29 3.6E-08 -0.15 6.3E-03 

Scyllo-inositol 0.36 1.6E-11 0.21 8.4E-05 -0.0039 4.4E-01 

UA 3.8(s) -0.14 1.1E-02 -0.16 2.6E-03 0.015 3.3E-01 

trans-Aconitate -0.26 8.6E-07 -0.27 3.4E-07 -0.04 6.4E-01 

M
et

al
s (

ot
he

r, 
es

se
nt

ia
ls 

an
d 

no
n-

es
se

nt
ia

ls)
 

Antimony N-acetylserotonin -0.15 6.8E-04 -0.18 9.5E-04 -0.06 4.7E-01 

Caesium 

3-hydroxyisovalerate -0.18 1.4E-05 -0.15 4.4E-03 -0.26 2.8E-06 

Dimethylamine -0.23 2.1E-06 -0.21 7.5E-05 -0.087 1.1E-01 

Formate 0.26 2.8E-04 0.16 2.8E-03 0.12 3.5E-02 

N-acetyl neuraminic acid -0.2 5.0E-03 -0.2 2.7E-04 -0.016 5.9E-01 

Tyrosine 0.15 8.6E-03 0.19 5.3E-04 -0.0026 7.8E-01 

UA 3.93(s) 0.14 5.7E-03 0.19 6.5E-04 0.2 1.0E-03 

UA 6.48(d) 0.15 3.9E-03 0.21 1.5E-04 0.13 7.3E-03 

UA 7.68(s) -0.16 7.3E-03 -0.14 9.1E-03 -0.0014 9.9E-01 

Copper 

Carnitine 0.18 1.2E-03 0.19 4.5E-04 0.033 4.8E-01 

Formate 0.26 9.1E-07 0.12 3.2E-02 0.074 3.1E-02 

N-acetylserotonin -0.19 5.2E-04 -0.14 9.9E-03 -0.098 2.3E-01 

Oestrogen metabolite -0.12 2.8E-02 -0.17 1.8E-03 -0.15 7.7E-03 

Scyllo-inositol 0.37 1.5E-12 0.17 1.4E-03 -0.079 9.4E-01 

trans-Aconitate -0.2 3.1E-04 -0.12 2.3E-02 -0.077 2.4E-01 

Molybdenum N-acetyl neuraminic acid -0.12 3.0E-02 -0.17 1.5E-03 -0.04 4.2E-01 

Zinc 3-hydroxyisobutyrate 0.2 2.6E-04 0.16 3.7E-03 0.098 1.5E-01 

Selenium N-acetyl neuraminic acid -0.14 9.8E-03 -0.17 1.5E-03 -0.033 9.1E-01 

Ph
ta

la
te

s 

MiBP Succinate -0.11 1.1E-03 -0.19 4.8E-04 -0.055 2.7E-01 

MBzP 

Acetate -0.2 4.4E-02 -0.19 3.9E-04 -0.13 9.1E-02 

N-acetyl neuraminic acid 0.12 2.0E-04 0.14 8.3E-03 0.18 6.0E-05 

Succinate -0.18 1.1E-03 -0.15 5.6E-03 -0.09 1.6E-01 

MCMHP Citrate -0.16 2.6E-03 -0.11 4.9E-02 -0.098 2.2E-01 
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Succinate -0.19 5.7E-04 -0.13 2.0E-02 -0.018 1.5E-01 

MEHHP 
Acetate -0.17 2.0E-03 -0.18 1.0E-03 -0.072 9.0E-02 

Succinate -0.24 8.4E-06 -0.14 1.0E-02 -0.041 2.0E-01 

MEOHP 

Acetate -0.18 1.0E-03 -0.15 5.0E-03 -0.043 1.3E-01 

Succinate -0.25 5.2E-06 -0.13 1.7E-02 -0.044 2.0E-01 

Valine -0.12 2.3E-02 -0.16 2.7E-03 -0.15 8.1E-03 

 

 a Association of exposure measured in first trimester urine and metabolite measured in third trimester urine 
Abbreviations: 2Py, N-methyl-2-pyridone-5-carboxamide; 3HB/3AB, 3-hydroxybutyrate/3-aminoisobutyrate; TMAO, Trimethylamine oxide; UA, unassigned 

 

 

Table 2. Associations between persistent pollutants and urine metabolome in first and third trimesters. List of pairwise correlations with Spearman 
correlation coefficient, ρ and p-values. Those that pass FDR correction are in bold. Only the associations with at least one statistical significant association 
across all analyses after FDR correction are displayed. 

   

1st trimester  
metabolome 

3rd trimester   
metabolome 

      Sabadell, N=340 Gipuzkoa, N=410 Sabadell, N=340 Gipuzkoa, N=410 

       Exposures Metabolites ρ p-values ρ p-values ρ p-values ρ p-values 

O
rg

an
oc

hl
or

in
es

a  PCB138 

3-hydroxyisovalerate -0.071 1.9E-01 -0.13 1.0E-02 -0.18 7.1E-04 -0.11 2.2E-02 
4-deoxyerythronic acid -0.2 1.6E-04 -0.12 1.6E-02 -0.08 1.4E-01 -0.042 4.0E-01 

UA 3.95(s) -0.085 1.2E-01 -0.033 5.1E-01 -0.18 1.2E-03 0.025 6.2E-01 
Succinate 0.067 2.2E-01 -0.0017 9.7E-01 0.18 8.0E-04 -0.022 6.5E-01 

PCB153 

4-deoxyerythronic acid -0.22 5.4E-05 -0.16 1.7E-03 -0.064 2.4E-01 -0.064 2.0E-01 
3-hydroxyisovalerate -0.087 1.1E-01 -0.15 2.7E-03 -0.22 5.3E-05 -0.18 2.3E-04 

Succinate 0.033 5.5E-01 0.046 3.6E-01 0.22 3.5E-05 -0.008 8.7E-01 
UA 3.95(s) -0.09 9.9E-02 -0.023 6.4E-01 -0.21 1.4E-04 -0.012 8.0E-01 

PCB180 
3-hydroxyisovalerate -0.076 1.6E-01 -0.18 2.4E-04 -0.18 1.0E-03 -0.19 1.2E-04 

4-deoxyerythronic acid -0.22 4.9E-05 -0.11 3.0E-02 -0.05 3.6E-01 -0.062 2.1E-01 
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Succinate 0.028 6.0E-01 0.013 7.9E-01 0.24 6.2E-06 -0.022 6.6E-01 
PF

AS
a  

PFHxS 

UA 2.78(s) -0.054 3.3E-01 0.19 1.7E-04 -0.00066 9.9E-01 0.14 4.1E-03 
UA 3.93(s) 0.021 7.0E-01 -0.08 1.1E-01 -0.019 7.3E-01 0.18 3.1E-04 

Pregnanolone-3G 0.087 1.1E-01 -0.027 5.9E-01 -0.0058 9.1E-01 -0.17 5.2E-04 
Acetone -0.028 6.1E-01 0.0052 9.2E-01 0.039 4.7E-01 -0.21 1.9E-05 

Succinate -0.025 6.5E-01 -0.0039 9.4E-01 0.04 4.6E-01 0.17 7.3E-04 

PFOA 
Alanine -0.0011 9.8E-01 -0.1 4.2E-02 0.015 7.8E-01 -0.2 3.7E-05 
Glycine 0.016 7.6E-01 -0.035 4.8E-01 0.004 9.4E-01 -0.16 8.4E-04 

3-hydroxybutyrate/3-aminoisobutyrate 0.02 7.2E-01 0.024 6.2E-01 -0.032 5.6E-01 0.18 3.7E-04 
         

To
ba

cc
ob  

Cotinine 

Citrate -0.22 5.9E-05 -0.16 9.2E-04 -0.15 5.9E-03 -0.12 1.6E-02 
N1-methylnicotinic acid 0.2 1.8E-04 0.14 4.2E-03 0.24 1.1E-05 0.2 4.4E-05 

N-methylpyridinium 0.16 3.1E-03 0.11 2.7E-02 0.24 7.0E-06 0.25 5.3E-07 
Pantothenic acid -0.028 6.1E-01 -0.11 2.8E-02 -0.19 5.0E-04 -0.026 6.1E-01 

UA 3.8(s) -0.029 6.0E-01 -0.059 2.4E-01 -0.1 6.7E-02 -0.18 2.8E-04 
UA 8.72(d) 0.099 6.9E-02 -0.057 2.5E-01 0.22 3.5E-05 0.097 5.1E-02 

Furoylglycine 0.037 5.0E-01 0.034 4.9E-01 0.19 5.8E-04 0.15 2.4E-03 

He
av

y 
m

et
al

 
(c

or
d 

bl
oo

d)
c  

Hg 

Trimethylamine oxide 0.11 3.8E-02 0.2 6.5E-05 0.11 4.6E-02 0.11 2.6E-02 
Oestrogen metabolites -0.015 7.8E-01 -0.15 1.8E-03 -0.16 4.0E-03 -0.17 8.2E-04 

Pantothenic acid 0.076 1.6E-01 0.051 3.1E-01 0.03 5.8E-01 0.17 4.2E-04 
Taurine 0.084 1.2E-01 0.0088 8.6E-01 0.21 9.4E-05 0.17 4.8E-04 

a measured in serum during the first trimester 
b Cotinine measured in urine during the third trimester 
c measured in cord blood at birth 

Abbreviations: Hg, mercury; PFHxS, perfluorohexane.sulfonate; PFOA, perfluorooctanoic.acid; PCB; polychlorinated biphenyl; pregnanolone-3G, 

pregnanolone-3-glucuronide; UA, unknown with chemical shift in ppm and multiplicity, i.e. singlet (s) or doublet  (d) by 1H NMR spectroscopy. 

 



22 
 

22 
 

Table 3: Associations that pass FDR correction for statistical significance in both trimesters (non-persistent/metal analysis, Sabadell only) or in 
both Gipuzkoa and Sabadell (persistent pollutant analysis) 

Arsenic Dimethylamine 

Trimethylamine oxide 

Homarine 

Lead N-acetylserotonin 

Nickel Dimethylamine 

N-acetylserotonin 

Thallium Acetate 

Formate 

N-acetyl neuraminic acid 

N-acetylserotonin 

Scyllo-inositol 

trans-Aconitate 

Caesium Dimethylamine 

Formate 

N-acetyl neuraminic acid 

Copper Carnitine 

Scyllo-inositol 

MBzP Acetate 

MEHHP 

PCB153 3-hydroxyisovalerate 

Cotinine N1-methylnicotinic acid 

N-methylpyridinium 

Hg Taurine 
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Figure legends 
Figure 1. O2PLS modelling of metabolite–non-persistent pollutant/metals associations in 
the first and third trimesters of pregnancy in the Sabadell subcohort. Models contain four 
predictive, one X-orthogonal and one Y-orthogonal components; R2X=0.24 (1st trim.), 0.22 (3rd 
trim.) and R2Y=0.57(1st trim.), 0.58 (3rd trim.). (A) O2PLS model correlated component ‘loadings’ 
and individual variable cross-validated predicted explained variance (Q2) for metabolites in the 
first trimester. (B) same for non-persistent pollutant exposures. (C) and (D) same for the third 
trimester. In this display the relative position of each point in the two loadings plots indicates if 
regression coefficients for a given pair of pollutant and metabolite correlated or anti-correlated 
to each other, while distance from the origin and colour indicate the magnitude of the 
association and magnitude of contribution to Q2 respectively.  Variables with Q2 values above 
0.02 are labelled. 

Figure  2. O2PLS modelling of metabolite–persistent pollutant associations in the 
Sabadell and Gipuzkoa subcohorts in the third trimester of pregnancy. Models contain four 
predictive, one X-orthogonal and one Y-orthogonal components; with R2X=0.25 (Gizpukoa), 
0.23 (Sabadell) and R2Y=0.71 (both). (A) O2PLS model correlated component ‘loadings’ and 
individual variable cross-validated predicted explained variance (Q2) for metabolites in Sabadell 
3rd trimester. (B) Same for non-persistent pollutant exposures, same for (C) and (D) for the in 
Gizpukoa 3rd trimester. In this display the relative position of each point in the two loadings 
plots indicates if regression coefficients for a given pair of pollutant and metabolite correlated or 
anti-correlated to each other, while distance from the origin and colour indicate the magnitude of 
the association and magnitude of contribution to Q2 respectively.  Variables with Q2 values 
above 0.02 are labelled. 
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Figure 1. O2PLS modelling of metabolite–non-persistent pollutant associations in the 
first (A and B) and third trimesters (C and D) of pregnancy in the Sabadell subcohort. 

In this display the relative position of each point in the two loadings plots indicates if regression 
coefficients for a given pair of pollutant and metabolite correlated or anti-correlated to each 
other, while distance from the origin and colour indicate the magnitude of the association and 
magnitude of contribution to Q2 respectively.  Variables with Q2 values above 0.01 are labelled.
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Figure 2. O2PLS modelling of metabolite–persistent pollutant associations in the 
Sabadell (A and B) and Gipuzkoa (C and D) subcohorts in the 3rd trimester of pregnancy. 
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