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A B S T R A C T

Chronic exposure to inorganic arsenic (As) in drinking water is a serious health concern but people differ in 
susceptibility. Naturally occurring As in Bolivian drinking water was recently reported, however, its long-term 
effects on the blood transcriptome remain unexplored. To bridge this gap, we conducted a transcriptome-wide 
analysis of whole blood cells from individuals in the Bolivian Andes. Blood and urine samples were collected 
for transcriptomic analysis, genotyping of AS3MT polymorphisms, and measurements of inorganic As metabo
lites in urine. Linear regression models were employed for extracting As-associated genes, and cell deconvolution 
to estimate cell fractions from the transcriptome. Functional annotations of the As-associated genes were per
formed using Ingenuity Pathway Analysis (IPA) and ClusterProfiler. Protein-protein interaction analysis was 
conducted to identify networks between As-associated genes. A total of 588 genes were identified from linear 
regression analysis and associated with downregulation of autophagy-related functions and a reduction in 
activated NK cells. Stratification by gender showed a significant enrichment of pathways related to carcino
genesis, oxidative stress, glucose metabolism, and epigenetic regulation in females, e.g., PI3K/AKT/MTOR 
signaling, HIF-1 signaling, insulin receptor signaling, and microRNA biogenesis pathway. Carriers of the AS3MT 
genotypes associated with a poorer As metabolism showed enrichment in DNA replication and cell proliferation, 
whereas carriers of the genotype associated with an efficient As metabolism showed suppression of autophagy 
and DNA damage pathways. Our data indicate the importance of the autophagy pathway in relation to As 
exposure, and its crosstalk with PI3K/AKT/mTOR and miRNA biogenesis, providing new insights into the bio
logical pathway under As exposure. Overall, this study identified novel genome-wide changes in blood mRNA in 
response to long-term As exposure in Bolivia, an underrepresented population, laying groundwork for further 
study.

1. Introduction

Inorganic arsenic (As) is a widely distributed groundwater pollutant. 
Currently, it is estimated that between 94 million to 220 million people 
worldwide are exposed to As in drinking water in concentrations above 
the limit of 10 μg/L as recommended by WHO (Podgorski and Berg, 

2020). Chronic As exposure can cause multiple and severe morbidities, 
such as cancers, skin and respiratory diseases, chronic kidney disease, 
and cardiovascular diseases (Abolli et al., 2024; Chain et al., 2024; Moon 
et al., 2012; Tang et al., 2023; Tchounwou et al., 2023). Arsenic is 
metabolised in the human body to methylarsonic acid (MMA), and 
dimethylarsinic acid (DMA) (Vahter, 1999) and a higher degree of As 
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dimethylation is associated with less toxicity (De Loma et al., 2022a; Li 
et al., 2012; Pierce et al., 2012; Vahter, 1999). The As metabolism is 
influenced by genetic factors, particularly variation in the arsenic 
methylation transferase gene AS3MT, that determines the degree of As 
methylation (Engström et al., 2015), and in turn toxicity. Also gender is 
influential; men have in general a poorer methylation capacity than 
women (Lindberg et al., 2007). To date, As toxicity has been linked to 
multiple mechanisms of genotoxicity, including inhibition of DNA 
repair, telomere damage, oxidative stress (De Loma et al., 2022a; Li 
et al., 2012), and various types of epigenetic alterations (Ameer et al., 
2017; Chain et al., 2024; Gao et al., 2015). Moreover, As was shown to 
be associated with biological functions related to insulin resistance, 
regulation of T-cells, apoptosis, and cell cycle pathways (Andrew et al., 
2008; Rehman et al., 2020).

Although variations in gene expression in response to As exposure 
have been reported, most studies have used animal models or cell cul
tures (Kibriya et al., 2022; Kozul et al., 2009; Liu et al., 2024; Shukla 
et al., 2022). However, research on transcriptomic perturbations in long- 
term As-exposed humans using whole-transcriptome sequencing data, 
remains limited (Chen et al., 2020; Engström et al., 2017; Fry et al., 
2007; Rehman et al., 2020). In previous studies, we reported elevated As 
levels in Bolivian drinking water and a high prevalence of genetic var
iants adapted to an efficient As dimethylation among humans living in 
the Bolivian Andes (De Loma et al., 2022b, 2019; Tirado et al., 2024). As 
transcriptomics has been shown to be of importance for hazard identi
fication and health risk characterization (Cecchetto et al., 2023; Li et al., 
2023; Sprenger et al., 2022), investigating gene expression variation and 
underlying biological functions associated with As exposure in Bolivians 
can provide evidence of gene expression targets associated with devel
opment of known As-related diseases (Rehman et al., 2020). However, 
information on As-exposed associated gene expression in Bolivians is to 
our knowledge non-existent.

In this study, we used whole-transcriptome RNA sequencing to 
investigate associations between As exposure and transcriptomic 
changes in the main indigenous communities in the Bolivian Altiplano, 
analyzing the full cohort as well as subcohorts stratified by gender and 
AS3MT genotype. This research enabled us to assess transcriptomic 
variation associated with As, alongside functional pathways. Our find
ings provide novel insights into transcriptomic changes and potential 
mechanisms which are relevant for risk assessment of As exposure, 
laying the groundwork for further studies.

2. Methods

2.1. Cohort description and sample collection

Men and women living in villages in the Bolivian Altiplano, with an 
approximate elevation of 3700 m above sea level, were recruited during 
four field trips between October 2021 and April 2023. Five villages are 
located in the southern part of Lake Poopó (Pampa Aullagas, Llapalla
pani, Santuario de Quillacas, Sevaruyo, and Santiago de Huari) and 
Chipaya, a village 120 km west of the lake, near Coipasa salt lake 
(Fig. S1). Villages were selected to provide a wide range of arsenic 
exposure based on the screening of As concentrations in drinking water 
performed within this geographic region in a previous study (De Loma 
et al., 2019).

The study group consisted of 227 men and women. Of these, 117 
women and 47 men were identified as being of Aymara-Quechua 
ethnicity, while 41 women and 22 men as being of Uru ethnicity. The 
Aymara and Quechua ethnicities are the largest ethnic groups in the 
Bolivian Andes and relatively similar from a genetic perspective (Batai 
and Williams, 2014). Members of the Uru ethnicity reside more isolated 
in the Chipaya and Llapallapani villages, whereas the inhabitants of the 
four other villages belong to the Aymara-Quechua population. Study 
participants from these Aymara-Quechua groups were therefore 
considered as one study group. We assessed ethnicity based on reported 

birthplace, complemented with information of the residency of the 
participant’s parents and grandparents.

Participants were interviewed about their age, dietary habits, med
ical history, time of residence, smoking status, coca chewing, and 
alcohol consumption. In addition, height and weight were measured for 
the calculation of body mass index (BMI). The dietary questionnaire was 
designed for Bolivian populations living in the Altiplano and included 
questions about traditional Bolivian foods, covering staple foods, side 
dishes (such as meat and fish), fruits, and indigenous foods (e.g., chuño 
and coca). The intake of these food categories over the past month was 
recorded as binary.

Water, from multiple sources in each village, and spot urine samples 
were collected in 20 mL polyethylene bottles. Urine sticks (Combur-7 
Test strips, Roche, Basel, Switzerland) were used to measure urinary pH, 
glucose, ketones, leucocytes, nitrites and protein immediately after 
sampling. Peripheral whole blood was collected in (1) Trace Elements 
NH Sodium Heparin tubes (Vacuette, Greiner Bio, Austria) for assess
ment of trace elements concentrations, in (2) EDTA tubes (Vacuette) for 
DNA extraction, and in (3) PAXgene Blood RNA Tubes (BD, Hom
brechtikon, Switzerland) for RNA extraction. Hemoglobin measure
ments were performed in venous blood using HemoCue201+
(HemoCue, Ängelholm, Sweden) at the study sites.

Urine, water and blood samples were stored at − 18 ◦C during each 
field trip (generally three days long) in a portable freezer (ARB, Alice 
Springs, Australia). Samples were then transported to the Genetics 
Institute at Universidad Mayor de San Andrés (La Paz, Bolivia) and 
stored at − 20 ◦C until further shipment to Sweden. Samples were 
transported on dry ice to Karolinska Institutet (Stockholm, Sweden), 
where all further analyses took place within three months from 
collection.

The study was approved by the Swedish Ethical Authority (Ref: Nr 
2021-02376) and the Bolivian Comité Nacional de Bioética (Ref: CNB- 
CEI-02/2021). Participants were given information providing details 
about the study, study objectives, and data collection protocols. Before 
registration, all participants signed the informed consent form, and for 
those under 18 (n = 4), their parents or guardians signed the consent 
form.

2.2. Trace elements determination in water, urine and blood

Trace element concentrations in water, urine and blood were 
measured by Agilent 7900 inductively coupled plasma-mass spectrom
etry (ICP-MS, Agilent Technologies, Santa Clara CA, USA) as described 
before (De Loma et al., 2020, 2019). The concentrations of As in water 
and urine were the focus for this study but we also included a few other 
elements, based on earlier findings of increased concentrations in the 
drinking water in this region (boron, and lithium) (De Loma et al., 2019) 
and earlier studies of toxic metals and interference with the tran
scriptome (lead and cadmium) (Bakshi et al., 2008; Jiang et al., 2017; 
Yamada et al., 2009).

The concentration of total urinary As (UAs) was determined and 
compared to the sum of inorganic As (iAs) and its metabolite fractions, 
methylarsonic acid (MMA) and dimethylarsinic acid (DMA), using ICP- 
MS measurement. The sum of measured As metabolites was slightly 
lower than measured total arsenic (average sum-As/total-UAs = 92 %, n 
= 226). This difference indicates a low level of other urinary As com
pounds, such as arsenosugars or arsenolipids. MMA, DMA, and As 
(represents the sum of As (III) and As (V)), were separated and measured 
by anion exchange chromatography (Agilent 1260 Infinity II LC system, 
Agilent Technologies, USA) coupled to a 7700x ICP-MS (Agilent) as 
described (Stråvik et al., 2023). To assure oxidation of As (III) to As (V), 
the urine samples were incubated with 10 % hydrogen peroxide before 
As separation in the anion-exchange column Hamilton PRP-X110 (250 
× 4.1 mm). To account for variations in urine dilution, spot urine trace 
element concentrations were adjusted to the mean urinary osmolality of 
the total study group (727 mOsm/kg). Urinary osmolality was measured 
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by a digital cryoscopic osmometer (OSMOMAT 030, Gonotec, Berlin, 
Germany).

Urine concentrations of inorganic As and its metabolites is a more 
accurate exposure estimate of inorganic As since the individuals in the 
study may use several wells for water intake as well as be exposed to As 
from food. The cut-off for the low group of exposure was UAs < 50 μg/L 
(n = 81, median 28 μg/L; 5 %, 95 % CI 15, 49), based on the fact that 
concentrations of 5–50 µg/L are found in the urine of subjects with no 
intake of seafood arsenic or excessive exposure to inorganic arsenic in 
drinking water or in the working environment (Water, 1999). The me
dium group of exposure was defined as UAs 50–150 μg/L (n = 76, 86 μg/ 
L; 54, 144) and high exposure as >150 μg/L (n = 69, 236 μg/L; 157, 461) 
to obtain fairly similar sized groups.

For evaluation of the analysis accuracy, commercial reference ma
terials (water, urine, and blood) were included in the runs and analyzed 
together with the samples. The reference materials used were NIST 
water 1643f and urine 2669-I/II (NIST, Gaithersburg MD, USA), Sero
norm urine lot 1011644-L1, 1403080-L1, 1403081-L2, 1706878-L2 and 
Seronorm blood lot 1702821-L1, 2011920-L1, 2011921-L2 (Sero AS, 
Billingstad, Norway). Since there was no boron value specified for the 
Seronorm blood samples, they were spiked with boron standard. The 
level of detection (LOD) for each measured element was determined as 
the average of measured blank samples plus three standard deviations.

2.3. Genotyping

DNA was extracted from whole blood samples using the QIAamp 
DNA Blood Mini Kit (Qiagen, Hilden, Germany). We selected two SNPs 
on chromosome 10 that have been associated with As metabolism effi
ciency, namely rs3740393 (G/C) and rs17115100 (G/T) close to the As 
methylating gene AS3MT, where the C allele rs3740393 and the T allele 
of rs17115100 have been associated with lower percentage of MMA and 
higher DMA in urine, and thus, a more efficient As metabolism (De Loma 
et al., 2022b; Engström et al., 2011). Genotyping was performed using 
allelic discrimination of rs17115100 and rs3740393 (Thermo Scientific 
assay IDs C__25597854_10 and C__25804287_10, respectively) with 
TaqMan real-time PCR. Reactions were analyzed on the LightCycler 480 
II instrument (Roche, Switzerland). The following PCR conditions were 
applied: an initial denaturation step of 10 min at 95 ◦C, followed by 45 
cycles of 15 s at 92 ◦C and 90 s at 60 ◦C. PCR amplifications were con
ducted in 384-well plates with a total reaction volume of 5 µL. Negative 
controls (without DNA) were included on each plate. For quality control 
of genotyping data, more than 10 % of samples were re-analyzed in a 
separate round of experiments with a 100 % agreement between du
plicates. Data quality was assessed by evaluating Hardy-Weinberg 
equilibrium using the conventional Chi-Square test.

2.4. RNA extraction and gene expression analysis

A total of 191 available blood samples (randomly distributed be
tween the villages) in PAXgene Blood RNA Tubes were prepared for 
RNA-Seq. Total RNA was purified using the RNeasy Mini Kit (Qiagen, 
Hilden, Germany) according to the manufacturer’s instructions and then 
resuspended in RNase-free water. Messenger RNA (mRNA) was purified 
from total RNA using poly-T oligo-attached magnetic beads. After 
fragmentation, the first strand cDNA was synthesized using random 
hexamer primers followed by the second strand cDNA synthesis. The 
library was ready after end repair, A-tailing, adapter ligation, size se
lection, amplification, and purification. The library was checked with 
Qubit and real-time PCR for quantification and bioanalyzer (Agilent, 
USA) for size distribution detection. Then, the libraries were sequenced 
on an Illumina HiSeq platform (Illumina, USA), and 150 bp paired-end 
reads were generated.

2.5. Profiling of gene expression

Raw sequence reads were quality-trimmed and filtered to Remove 
(1) reads with adapter contamination; (2) reads containing more than 
10 % of N,which stands for the unidentified base; (3) reads that 
constitute more than 50 % of low-quality nucleotides (base quality <5). 
After removing low-quality sequences, 41.7 ± 10 million clean reads 
were obtained for further analysis. The mRNA counts table was gener
ated from the RNA sequencing data. A gene was filtered out when its 
count was less than 10 in more than half of the samples. The gene counts 
table was normalized based on variance stabilizing transformation for 
further analysis using DESeq2 R package (Love et al., 2014). Finally, the 
filtered and normalized dataset included 15,434 genes for further sta
tistical analysis.

2.6. Characteristics and covariates of transcriptome variations

To screen for the potential covariates, we analyzed the contribution 
of host characteristics to transcriptome variation. Briefly, we collected 
individual characteristics based on interviews and measurements 
including: village, anthropometry, medication history, dietary habits, 
lifestyle, element concentrations in blood and urine, and self-reported 
diseases. The participants’ characteristics were further classified into 
the following eight categories: geography (village), medication (usage of 
antibiotics or other drugs), dietary habits (consumption frequencies of 
food stuff), general metadata (age, gender, occupation, smoking status, 
alcohol consumption, farm ownership, genotype), arsenic (UAs con
centration and fractions of As metabolites), anthropometry (height, 
weight, BMI), diseases (diabetes, cancer, cardiovascular, and other dis
eases), and element exposure (urine or blood element concentrations of 
boron, cadmium, lead and lithium). The contribution of individual 
characteristics on transcriptome variation was identified by calculating 
the association between categorical or continuous phenotypes and gene 
expression ordination with envfit function in the vegan R package (999 
permutations; p values were adjusted with the Benjamini-Hochberg 
method for multiple hypothesis testing, and FDR < 0.05 were set as 
the threshold for a significant difference). This function performs man
ova and linear correlations for categorical and continuous variables, 
respectively. Host factors with an effect size >0.04 and FDR < 0.05 
(lithium, lead, and coca) from this analysis were included as covariates 
in the regression model 2. The effect sizes of host factors were pooled 
into the broader predefined categories, estimated with the bioenv func
tion in the same package (Clarke and Ainsworth, 1993), which selects 
the combination of host factors with the strongest correlation to tran
scriptome variation.

2.7. Genes associated with arsenic exposure

The normalized gene counts table was imported into R (v4.2.1). We 
then fitted two linear regression models to identify genes associated with 
the UAs, adjusting for variables (1) model 1: gender, age, and smoking 
status; (2) model 2: gender, age, smoking status, lithium, lead, and coca. 
Since there is a high correlation (rS = 0.76, p < 0.05) between urinary 
lithium and boron levels, to minimize multicollinearity in the regression 
models and simplify interpretation, we retained only urinary lithium in 
model 2 (Fig. S2). We also conducted further analyses stratified by 
AS3MT genotype (rs3740393, CC: 129 SNP major, 62 GG/GC: SNP 
minor), and by gender (137 female, 54 male) to provide a more ho
mogenous analysis to explore the gene expression associated with As 
exposure that may be blurred by the analysis using full cohort. P-values 
were adjusted with the Benjamini-Hochberg method for multiple hy
pothesis testing, and FDR < 0.05 were set as the threshold for a signif
icant association (Li and Barber, 2019). Heatmaps were generated using 
the pheatmap package (v1.0.12) (Kolde, 2018).
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2.8. Pathway enrichment analysis

To understand the variation in gene expression from the functional 
aspect, functional annotation of the genes extracted from linear 
regression models was conducted using ClusterProfiler (v4.6.2) with the 
functions enrichGo and enrichKEGG (Yu et al., 2012), and the FDR for 
cutoff was set as 0.05. Additionally, we also conducted canonical 
pathway enrichment and Gene Ontology (GO) analysis using the in
genuity pathway analysis platform (IPA, Qiagen, CA).

2.9. Protein-protein interaction (PPI) network

PPI network analysis of genes associated with As exposure was per
formed on the STRING website (https://www.string-db.org, Version 
11.5) (Szklarczyk et al., 2019), and networks with a PPI enrichment p <
0.05 were included for visualization. The network was visualized with 
Cytoscape software (v3.9.1)(Smoot et al., 2011). All other graph visu
alizations were conducted using ggplot2, ggsci, and ggpubr in R (v4.2.1).

2.10. Leukocyte deconvolution analysis

CIBERSORTx is an online analytical tool to estimate the abundances 
of subset cell types using gene expression data (Chen et al., 2018). LM22 
(Félix Garza et al., 2019) gene signature matrix was used as a gene 
signature reference in this analysis, and LM22 includes 22 different 
immune cells isolated from peripheral blood. The gene expression ma
trix from the RNA-seq was used as input to estimate the cell fractions in 
all the subjects, and the estimations are based on 1000 permutations, the 
FDR of all the predicted cell fractions were <0.05.

2.11. Statistics

Wilcoxon test was used initially to assess differences in characteris
tics between ethnic groups. Spearman correlation tests were used for 
water element concentrations. Data matrices from transcriptomic pro
files and metadata were imported into R (v4.2.1). Unless otherwise 
stated, analysis was performed using a Mann-Whitney test to compare 
two groups and Kruskal-Wallis test for more than two groups. For nor
mally distributed data, analysis was performed using a Student’s t-test to 
compare two groups, and one-way ANOVA for more than two groups; 
for non-normally distributed data, analysis was performed using a 
Mann-Whitney test to compare two groups and Kruskal-Wallis test for 
more than two groups. The principal component analysis (PCA) was 
done by the fviz_pca_ind function in the R package factoextra (v1.0.7) 
(Greenacre et al., 2022). Permutational multivariate analysis of variance 
(PERMANOVA, 999 permutations) was used to determine the associa
tion between blood transcripts and subject parameters. PERMANOVA 
was performed using the R package Vegan (v2.5.6) with the function 
“adonis2”. Arsenic exposure was used as a continuous variable in the 
regression models and as a categorical variable in the heatmap and PCA. 
P values were adjusted with the Benjamini-Hochberg method for mul
tiple hypothesis testing, and FDR < 0.05 was set as the threshold for a 
significant difference.

3. Results

3.1. Study population characteristics

The study outline is summarized in Fig. 1 and the characteristics of 
the participants are shown in Table 1. A total of 227 individuals was 
included in the study and peripheral blood samples sufficient for tran
scriptome analysis were available for 191 participants, including 137 
females and 54 males. There were no significant differences in age, 
gender, smoking, or As exposure between the full cohort and the cohort 
for transcriptomic analysis. For AS3MT rs3740393, there were 129 
major carriers (genotype CC) and 62 minor carriers (CG or GG). The 

genotype distribution for the whole cohort is shown in Table 1. A very 
similar number of individuals were obtained stratifying for rs17115100 
(130 major carriers and 61 minor carriers), since rs3740393 and 
rs17115100 were in almost complete linkage disequilibrium. The study 
participants had in general a healthy lifestyle with low level of alcohol 
consumption or smoking. The majority (91 %) of the study participants 
had normal blood pressure, as defined by the WHO (systolic pressure 
<120 mmHg and diastolic pressure <80 mmHg). Median hemoglobin 
levels were, as expected at this high altitude, high; above 15 g/dL for 
both men and women. Few study participants reported disease: six 
participants (3 % of the study group) reported heart problems and/or 
infectious diseases, 13 participants (6 %) reported hypertension and 13 
participants (6 %) reported diabetes, and one person (0.5 %) reported 
hypothyroidism. No individuals reported having cancer, goiter, or hy
perthyroidism. Total urinary As concentrations (UAs) showed a wide 
range (11.1–504.4 μg/L; median: 72.1 μg/L in men, 76.8 μg/L in 
women), as well as within the villages (Table 1 and 2).

3.2. Trace elements in water, urine and blood

The As concentrations in water varied between the villages, ranging 
from 8.3 to 276.0 μg/L (Table 2), but there was not a strong correlation 
between UAs and WAs as seen previously in this area (De Loma et al., 
2019). The boron concentrations in water ranged from 310.1 to 4670.3 
μg/L, and the lithium concentrations varied between 33.9 and 1099.1 
μg/L. All water wells exceeded the current guidance value of 300 μg/L 
for boron (Ministerio de Medio Ambiente y Agua and Viceministerio de 
Agua Potable y Saneamiento Básico, 2018). There is no guidance value 
for lithium in drinking water in Bolivia. We found moderate positive 
correlation between As and lithium concentrations in water (rS = 0.56, 
p = 0.00019), and with boron concentrations in water (rS = 0.63, p =
1.9 × 10− 5). UAs showed a wide range (11.1–504.4 μg/L; median: 72.1 
μg/L in men, 76.8 μg/L in women) (Table 1). The concentration of As in 
blood differed between the Aymara-Quechua and Uru groups, with 
median values of 2.0 µg/L and 6.1 µg/L, respectively. The median blood 
concentration of lead was 16.7 µg/L, with no significant differences 
between ethnic groups.

3.3. Host factors associated with blood transcriptome variation

Metadata variables, i.e. host factors, of the study participants (N =
40) were analyzed in relation to variation in the transcriptome to 
identify the potential covariates to be adjusted in the regression model 2. 
A total of 12 variables were found to correlate significantly (FDR < 0.2) 
with overall transcriptome variation (Fig. 2A). Among these, geography, 
urine lithium concentrations, and UAs were the top three variables 
explaining blood transcriptome variation, followed by frequency of coca 
chewing, blood lead concentration, and gender, with decreasing effect 
sizes. UAs showed a significant effect on blood transcriptome variation 
(effect size R2 = 4.7 %; FDR < 0.05). Moreover, factors with an effect 
size >0.04 and FDR < 0.05 (the urine lithium concentration, frequency 
of coca chewing, and blood lead concentration) were adjusted in 
regression model 2. All metadata variables were then grouped into eight 
predefined categories (geography, medication, dietary habits, general 
metadata, As, anthropometrics, disease, and element exposure) and the 
combined effect size was assessed for each category. The element 
exposure category explained most of the blood transcriptome composi
tion, accounting for 5.7 % of transcriptome variation (Fig. 2B). Diseases, 
geography, general metadata, dietary habits, and As followed with 
decreasing effect size on transcriptome variation.

3.4. Blood transcriptome associations with as exposure in Bolivians

After data filtering, a total of 15,434 genes were retained for further 
analysis. To assess variation in the transcriptome across different UAs 
exposure levels, the 191 participants were divided into three groups 
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Fig. 1. Study outline. The graph summarizes the study design and analytical strategy. Human blood and urine samples were collected from individuals in the 
Bolivian Andes around Lake Poopó and Coipasa salt lake for RNA-seq and urine arsenic assessment, respectively. The effect size of host factors on gene expression was 
evaluated for identification of potential covariates. The linear regression model was fitted to identify arsenic-associated genes using the whole cohort and then 
stratified by AS3MT SNP genotypes (rs3740393 CC = major and CG and GG = minor) and gender.
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based on total urinary As concentrations: low (< 50 μg/L, median UAs 
28 μg/L; 5 %, 95 % CI 15, 49), medium (50–150 μg/L, 84 μg/L; 54, 143), 
and high (>150 μg/L, 253 μg/L; 160, 467). We performed principal 
component analysis (PCA) on the blood transcripts (Fig. 3A, Supple
mentary Table 1). PCA of blood transcripts showed no significant dif
ference between As exposure groups (FDR = 0.36). We then fitted the 
linear regression model 1 to identify genes associated with UAs. A total 
of 588 genes correlated with As exposure (FDR < 0.05), with 226 genes 
positively associated with UAs and 362 negatively associated. 

Unsupervised hierarchical clustering analysis of these genes revealed 
distinct sub-clusters among different subsets of samples (Fig. 3B).

The top three genes that correlated with UAs after FDR correction 
were CHORDC1 (+; i.e. higher gene expression with higher UAs), PLVAP 
(− ), and ISL2 (− ) (Fig. 4A). Genes that exhibited significant correlations 
were subsequently annotated based on canonical pathways and molec
ular functions using IPA. Functions related to carcinogenesis, such as 
autophagy, necrosis, and mitophagy, were identified as down-regulated, 
and the Endothelial nitric oxide synthase (eNOS) signaling pathway and 

Table 1 
Characteristics of the study participants (total study group and stratified by ethnicity and sex). Data are presented as median (min–max) or percentage (%).

Characteristic Total population Aymara-Quechua Uru p-valuea

Number of 
participants

n = 227 n = 164 n = 63 ​

Gender Men, 
n = 69

Women, 
n = 158

Men, 
n = 47

Women, 
n = 117

Men, 
n = 22

Women, 
n = 41

Men Women

Age 50 (13–87) 41 (15–78) 50 (13–87) 46 (15–78) 50 (24–75) 34 (15–68) 0.842 <0.001
Height (cm) 162 (142–182) 152 (138–180) 162 (142–182) 152 (138–164) 161 (151–170) 151 (140–180) 0.264 0.399
Weight (kg) 68 (51–127) 65.5 (36–102) 69 (51–127) 66 (36–102) 68 (51–92) 62.5 (45–86) 0.274 0.178
Body mass index 

(kg/m2)
27 (19–46) 28 (17–47) 27 (19–46) 28 (17–47) 26 (20–36) 28 (19–37) 0.331 0.404

Tobacco 
smoking (yes, 
%)

8.7 3.8 10.6 4.3 4.5 2.4 0.402 0.597

Alcohol (yes, %) 63.8 36.7 68.1 44.4 54.5 14.6 0.276 <0.001
Coca leaves (yes, 

%)
86.9 77.2 85.1 77.8 90.9 75.6 0.505 0.688

Blood pressure, 
systolic

120 (85–177) 110 (79–196) 120 (85–152) 111 (79–196) 119 (87–177) 106 (83–192) 0.357 0.065

Blood pressure, 
diastolic

75 (40–99) 72 (52–111) 75 (40–93) 73 (54–111) 80 (55–99) 70 (52–87) 0.154 0.016

Hemoglobin (g/ 
dL)

17.6 (12.5–25.1) 15.5 (9.1–20.0) 17.7 (12.9–25.1) 15.8 (9.1–20.0) 17.0 (12.5–21.5) 15.1 (10.3–17.5) 0.261 0.016

Antibiotics (yes, 
%)

17.4 17.1 21.3 21.4 9.1 4.9 0.213 0.016

Total urinary As 
(μg/L)b

72.1 (17.1–445.3) 76.8 (11.1–504.4) 48.0 (17.1–318.7) 56.3 (11.1–297.4) 239.6 (87.6–445.3) 215.9 (22.5–504.4) <0.001 <0.001

Blood As (μg/L)b 3.4 (0.7–15.4) 2.4 (0.5–22.1) 2.2 (0.7–7.2) 1.9 (0.5–7.6) 5.7 (2.4–15.4) 6.4 (1.1–22.1) <0.001 <0.001
Urinary Cd (μg/ 

L)b
0.3 (<LODc-1.9) 0.5 (<LODc − 4.4) 0.3 (<LODc-1.9 0.5 (<LODc − 4.4) 0.5 (0.1–1.1) 0.5 (0.1–3.0) 0.067 0.760

Urinary B (μg/ 
L)b

4457.0 
(1375.3–20522.2)

5121.2 
(851.0–28195.8)

3885.5 
(1853.3–13128.9)

4448.9 
(851.0–28195.8)

5964.0 
(3229.3–20522.2)

9008.4 
(1915.7–20347.7)

<0.001 <0.001

Urinary Li (μg/ 
L)b

1309.7 
(267.5–5057.5)

1170.5 
(175.2–4857.5)

931.9 
(267.5–5057.5)

1011.7 
(175.2–4857.5)

1615.7 
(811.9–2875.0)

1434.27 
(242.6–3255.2)

<0.001 0.005

Blood Pb (μg/L) 19.1 (7.0–119.8) 14.9 (3.8–71.7) 18.9 (7.0–56.3) 16.1 (3.8–71.7) 20.6 (11.6–119.8) 13.7 (7.3–46.1) 0.847 0.293
AS3MT rs3740393 (%)
CC 66.8 58.1 89.8 <0.001
GC 26.2 32.9 8.5 <0.001
GG 7 9 1.7 0.012

a p-Value for Wilcoxon rank-sum (Mann-Whitney) test when comparing medians and for z-test when comparing proportions.
b Urinary concentrations of trace elements adjusted to average urinary osmolality (727 mOsm/kg).
c The concentration of Cd in urine was below detection limit (LOD < 0.02 μg/L).

Table 2 
Trace elements concentrations in urine and water from individuals and six villages in the Bolivian Altiplano.

Village Urine Water b

n Arsenic (μg/L) a n Arsenic (μg/ 
L)

Boron (μg/L) Lithium (μg/L) Cadmium (μg/L) Lead (μg/L)

Chipaya 53 244.7 
(22.5–504.4)

2 276; 212 4670; 2844 627; 742 0.06; 0.19 0.03; 0.23

Llapallapani 3 96.9 (39.3–106.9) 1 26 310 40 <LODc 1.33
Pampa Aullagas 16 33.7 (14.5–96.1) 1 26 717 102 <LODc 2.43
Santuario de 

Quillacas
40 52.5 (13.0–268.7) 3 92; 31; 70 3119; 2172; 1341 810; 552; 105 <LODc; <LODc; <LODc 0.76; 0.32; 2.37

Sevaruyo 35 136.4 
(21.5–318.7)

4 93; 108; 57; 8 2455; 3345; 1226; 
1516

914; 1099; 75; 
108

<LODc; <LODc; <LODc; 
<LODc

0.35; 0.11; 0.38; 
2.09

Santiago de Huari 44 38.7 (11.1–119.3) 3 15; 15; 14 1048; 846; 756 39; 35; 34 0.03; 0.05; <LODc 0.23; 0.24; 0.08

a Total As concentration in urine (adjusted to average urinary osmolality) presented as median (minimum–maximum).
b Results for water are presented as concentration for each individual water source.
c The concentration of Cd in water was below detection limit (LOD < 0.02 μg/L).
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erythroid-related functions were up-regulated with higher As exposure 
(Fig. 3C, D). Autophagy-associated functions were enriched through GO 
term annotation using clusterProfiler as well. Additionally, the AMPK 
signaling pathway and longevity pathways were identified through 
KEGG annotation (Fig. S3A, B). To better understand interactions among 
genes associated with UAs, we constructed a protein–protein interaction 
(PPI) network. Subnetworks related to autophagy (HSP90AA1-centered) 
and tumorigenesis emerged from the PPI analysis (Fig. 4B). Since pe
ripheral blood mononuclear cells reflect immune system cells, we 
applied CIBERSORT deconvolution analysis using LM22, a reference 
signature matrix encompassing major lymphocyte types. Interestingly, 
the predicted levels of activated NK cells were significantly lower in the 
high As exposure group compared to medium and low exposure groups 
at the FDR < 0.2 (Fig. 4C).

In model 2. The number of blood transcripts associated with UAs was 
reduced to 358 genes, however, there were still clear patterns among 
different subsets of samples (Fig. S4A). The top 10 GO and KEGG 
annotation terms were also related to autophagy, red blood cell devel
opment, and AMPK signaling pathway (Fig. S4C, D). The PPI analysis 
showed three subnetworks related to ubiquitin, erythrocyte membrane, 
and MAPK, respectively (Fig. S4B).

3.5. Arsenic associated genes in females and males, respectively

Since the full cohort consists of subjects of different genders, which 
may dilute the signal of genes associated with As exposure, to provide a 
more homogenous analysis to explore the gene expression associated 
with As exposure from different aspects, subsequent analysis was per
formed on the data stratified by gender. There were 225 genes related to 
UAs in females, and among those, 168 genes overlapped with the results 
based on the whole cohort and 57 were unique, however, there were no 
genes associated with UAs in males at the FDR < 0.05 (Fig. 5A, B). 
Functional annotation on As-associated genes in females, identified the 
pathway related to carcinogenesis, diabetes, and epigenetics, such as the 
PI3K/AKT/MTOR, HIF-1 signaling pathways, insulin receptor pathway, 
and microRNA biogenesis pathway. In terms of molecular functions, cell 
cycle-related terms were enriched (Fig. 5C, D). PPI analysis revealed a 
network centered on HSP90AA1 and AKT associated with autophagy 
(Fig. 5E).

In model 2, consistent with our findings, only one As-related gene 
was identified in males, while in females, UAs-related genes declined to 
76. Of these, 58 overlapped with As-associated genes identified in the 
whole cohort, and 18 were unique (Fig. S5A). Unsupervised hierarchical 
clustering analysis revealed similar patterns as model 1 (Fig. S5B), with 
KEGG annotation highlighting enrichment in the EGFR tyrosine kinase 
inhibitor resistance and HIF-1 signaling pathways (Fig. S5C).

Fig. 2. Contribution of host factors in blood transcriptome variation and their effect sizes. A. The effect size of metadata variables on the variation of the blood 
transcriptome. The contribution of individual characteristics on transcriptome variation was identified by calculating the association between categorical or 
continuous phenotypes and gene expression ordination via envfit (vegan) and those with statistical significance (FDR < 0.2) were colored based on the metadata 
categories in Fig. 2B. B. Combined effect size of host factors were pooled in predefined categories with covariate distance-based selection: Element exposure (urine 
and blood element concentrations of boron, cadmium, lead, lithium), Diseases (diabetes, cancer, heart, and other diseases), Geography (village), General metadata 
(age, gender, occupation, smoking status, alcohol consumption, farm ownership, genotype), Dietary habit (consumption frequencies of food stuff), Arsenic (UAs 
concentrations and metabolite fractions), Medication (usage of antibiotics or other drugs), and Anthropometrics (height, weight, BMI). Lithium: urine lithium 
concentration, Boron: urine boron concentration, Cadmium: urine cadmium concentration, iAs: urine inorganic arsenic concentration, UAs: total urine arsenic, Lead: 
blood lead concentration.
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3.6. Arsenic associated genes in AS3MT major and minor, respectively

In addition to the gender-stratified analysis, we fitted a regression 
model on data stratified by AS3MT genotype, i.e. rs3740393 CC carriers 
(major, associated with a more efficient As metabolism) and CG and GG 
(minor, associated with a less efficient As metabolism) carriers. In the 
major group, we identified 235 UAs-related genes, 173 of which over
lapped with As-associated genes from the full cohort, while 62 were 
unique. In the minor allele group, 30 As-related genes were found, with 
5 overlapping genes from the full cohort and 25 unique (Fig. 6A). Un
supervised hierarchical clustering analysis revealed two sub-clusters 
within each AS3MT group. In rs3740393 major, one cluster was asso
ciated with high As exposure (Fig. 6B), while in SNP minor, a cluster 
correlated with low and medium As exposure was identified (Fig. 6C). 
IPA analysis predicted the suppression of autophagy and DNA damage 
pathways in rs3740393 major carriers, while minor carriers showed 
enrichment in DNA replication and cell proliferation terms (Fig. 6D, E). 
As-associated genes were also used to construct PPI networks for 
rs3740393 major and minor groups (Fig. 6F, G). In rs3740393 major, 
predicted interactions included a ubiquitin-related sub-network.

In model 2, rs3740393 major, the number of UAs-related genes was 

reduced to 139, of which 121 overlapped with As-associated genes 
identified from all samples, while 18 were unique. In rs3740393 minor, 
the number of UAs-related genes declined to 5 (Fig. S6A). Unsupervised 
hierarchical clustering analysis revealed two sub-clusters (Fig. S6B), 
with GO term enrichment highlighting functions related to erythrocyte 
and myeloid cell development, as well as a Parkinson’s disease-related 
pathway (Fig. S6C, D; Fig. S7).

Finally, we stratified by gender within the AS3MT major subgroup 
(Fig. S8). There was no gene associated with As in males. In females 
within the major genotype subgroup, there are similar clustering pat
terns to the analysis based on all females, which indicates that the As- 
related gene expression among women still exists within AS3MT major 
genotype subgroup.

4. Discussion

This study is based on the three major indigenous groups living in the 
Bolivian highlands, and area with naturally elevated As concentrations 
in drinking water (De Loma et al., 2019). Despite the As exposure, the 
study participants reported few health problems and had in general 
normal blood pressure. This may partly be related to the fact that the 

Fig. 3. Host genes correlated with arsenic (As) exposure among all village people. (A) The host transcriptome was analyzed and plotted via principal component 
analysis (PCA) based upon the Bray-Curtis dissimilarities with village (shape) and As exposure level in urine (as the sum of arsenic metabolites) categorized in three 
groups, high, medium, and low (color). (B) Heatmaps summarize host genes associated with As exposure. Host genes correlating with the As exposure were further 
annotated based on canonical pathways (C) and molecular functions (D) using IPA. This association was assessed using linear regression model adjusted for gender, 
age, and smoke status (FDR < 0.05).
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Fig. 4. Protein-protein interaction and leukocyte composition analysis of host genes correlated with arsenic (As) exposure among all village people. (A) The 
Spearman correlation between total urine As concentration (UAs) with the top three host genes derived from the regression analysis. The grey shadow refers to the 
95 % confidence interval. (B) Host genes that correlated with As exposure were further examined for Protein-Protein Interaction (PPI) networks using the STRING 
database (V11.5) and visualized with Cytoscape. The node size is proportional to the degree of its connectivity to other nodes. All PPI networks exhibited an 
enrichment value of p < 1 × 10− 10. (C) Boxplots depict differences in immune cell expression deconvoluted via the Cibersort (CS) algorithm. High_As: high level of As 
exposure; Medium_As: medium level of As exposure; Low_As: low level of As exposure; Within each boxplot, horizontal lines denote median values; boxes extend from 
the 25th to the 75th percentile of each group’s distribution of values.
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inhabitants in this area carry a very high allele frequency AS3MT ge
notypes associated with an efficient As metabolism, limiting some 
adverse effects of As. However, when taking multiple individual char
acteristics, including genetics and co-exposures, into account, As still 
explained a significant part of the blood transcriptome variation. 
Further, downstream analysis stratifying the cohort by gender and 
AS3MT genotype provides a more homogeneous analysis. Our findings 
highlight the complex relationship between the blood transcriptome and 
long-term As exposure, as well as the underlying autophagy, PI3K/AKT/ 

MTOR, and microRNA biogenesis pathway linked to As-associated 
health implications, laying the groundwork for understanding host 
transcriptome variation under chronic As exposure in different popula
tion groups.

When applying model 1, 588 As-associated genes were identified and 
linked to various biological processes, of which CHORDC1, PLVAP, and 
ISL2 were the top three associated genes. More arsenic was reported to 
be associated with higher expression of the CHORDC1 gene and higher 
abundance of Morgana, a co-chaperone protein of HSP90 coded by the 

Fig. 5. Host genes correlated with arsenic (As) exposure in female Bolivians. (A) Venn plot showed the number of overlapping and distinct As-associated genes based 
on all the Bolivians, females, and males. (B) Heatmaps summarize host genes associated with As exposure. Host genes correlating with the As exposure were further 
annotated based on canonical pathways (C) and molecular functions (D) using IPA. (E) Host genes that correlated with As exposure were further examined for 
Protein-Protein Interaction (PPI) networks using the STRING database (V11.5) and visualized with Cytoscape. The node size is proportional to the degree of its 
connectivity to other nodes. All PPI networks exhibited an enrichment value of p < 1 × 10− 10. This association was assessed using linear regression model adjusted 
for age and smoke status (FDR < 0.05).
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Fig. 6. Genes correlated with arsenic (As) exposure in AS3MT majors (rs3740393 CC) and minors (CG and GG) respectively. (A) Venn plot showed the number of 
overlapping and distinct As-associated genes based on all the Bolivians, AS3MT (rs3740393) major genotype (CC), and AS3MT minors (CG + GG). Heatmaps 
summarize host genes associated with As exposure in SNP majors individuals (B) and in SNP minors individuals (C). Genes correlating with the As exposure were 
further annotated for SNP majors (D) and SNP minors (E) using IPA. Genes that correlated with As exposure were further examined for Protein-Protein Interaction 
(PPI) networks for SNP majors (F) and SNP minors (G) using the STRING database (V11.5) and visualized with Cytoscape. The node size is proportional to the degree 
of its connectivity to other nodes. All PPI networks exhibited an enrichment value of p < 1 × 10− 10. This association was assessed using linear regression model 
adjusted for gender, age, and smoke status (FDR < 0.05).
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CHORDC1 (Freedman et al., 2025; Fusella et al., 2017; Xie et al., 2020). 
Overexpression of CHORDC1 and subsequent Morgana may lead to the 
activation of NF-κB, involved in regulating autophagy, and conse
quently, the onset of various types of cancers (Fusella et al., 2017; 
Poggio et al., 2024). Similarly, the expression of ISL2 and PLVAP was 
found to be related to carcinogenesis in other studies (Ozturk et al., 
2022; Ferreccio et al., 2013; Liu and Liu, 2024; Zhang et al., 2021), and 
these genes need further validation for As-related carcinogenesis.

Carcinogenesis is one of the major adverse outcomes of exposure to 
As, and autophagy plays a key role in the onset/development of tumors 
(Debnath et al., 2023). Cell models showed that As exposure could 
disturb autophagy (Wu et al., 2020). Our functional annotation of As- 
associated genes in the blood transcriptome suggests that As exposure 
may influence oxidative stress and autophagy associated pathways, 
including the PI3K/AKT/mTOR signaling pathway and AMPK that have 
been found to play a role in autophagy induction or inhibition with 
metal exposure (Chen and Costa, 2018). AKT activation, which is 
upregulated in many tumors, leads to mTOR activation and blockage of 
autophagy, and there is evidence that defects in autophagic responses 
are associated with carcinogenesis (Peng et al., 2022; Apel et al., 2009). 
Based on previous studies showing that various carcinogenesis- 
associated pathways are enriched in response to arsenic exposure 
(Rehman et al., 2020; Chen et al., 2020), our findings suggest that the 
autophagy pathway may play a key role in arsenic-associated carcino
genesis. However, no one in our cohort reported cancer, and earlier 
research shows that the Uru and Aymara/Quechua people living in this 
area have developed a genetic adaptation to arsenic (De Loma et al., 
2022b). This may indicate a more complicated mechanism due to the 
interaction of different omic layers, which needs further investigation. 
Molecular functions such as cellular homeostasis and organization of the 
cytoskeleton suggest a broader disruption of cellular stress responses 
and metabolic dysregulation, consistent with prior reports of As-induced 
cytotoxicity and impaired cellular integrity (Xie et al., 2014). Addi
tionally, necroptosis (RIPK1-mediated) and DNA damage-related path
ways reflect apoptosis and mitochondrial dysfunction, which are key 
features of As-induced cytotoxicity and carcinogenesis (Yang et al., 
2025). The protein ubiquitination pathway is strongly associated with 
oxidative stress and cellular dysfunction, which are well-established 
consequences of As exposure (Jiang and Wang, 2022; Tsou et al., 
2005). The enrichment of RNA Polymerase III Transcription and IFIH1- 
mediated induction of INF-α/β points to potential modulation of innate 
immune responses and associated inflammation, aligning with arsenic’s 
known impact on inflammation (Reverendo et al., 2019). Our PPI 
analysis of the As-related genes revealed that proteins associated with 
autophagy (e.g., PINK1, HSP90AA1), cell cycle (e.g., ULK1, RPS6KB1), 
and erythrocyte membrane (e.g., EPB42) were interconnected, forming 
distinct sub-networks. Consistent with our findings, previous cell line 
studies have shown that As exposure may induce IL-6 overexpression 
and block autophagic flux, leading to dysregulated autophagy (Lau 
et al., 2013; Qi et al., 2014). Notably, cell deconvolution analysis indi
cated decreased levels of activated NK cells in the high As exposure 
group compared to medium and low exposure groups, suggesting that 
high As exposure may suppress the immune system, as seen in other 
studies (Ferrario et al., 2016). Studies indicate a dual role for NK cells 
under As exposure: they may initially protect against tumor onset, but 
high As levels could impair NK cell function, allowing tumorigenic cells 
to evade immune surveillance (Boss et al., 2023; Sumi et al., 2021).

Gender is a well-known factor for susceptibility towards As exposure, 
partly due to the fact that women are more efficient in As metabolism 
than men (Muhetaer et al., 2022; Vahter et al., 2007). Regression 
analysis based on the full cohort, including both genders and AS3MT 
genotype, may blur the signal of genes associated with As exposure. To 
provide a more homogenous analysis, we conducted a subsequent 
analysis stratified by gender/genotypes. As-associated genes were 
identified in females but not in males, which may be due to the relatively 
lower sample size of males after stratification, or due to biological 

differences in response to As exposure. We then performed IPA analysis 
to annotate the functions of these genes in females. Unlike the pathways 
identified in the full cohort, all pathways in females were upregulated. 
Several of the enriched canonical pathways in females, such as insulin 
receptor signaling, PI3K/AKT signaling, and mTOR signaling, are cen
tral regulators of cellular survival, and are known to be dysregulated 
under As exposure. Notably, PI3K/Akt/mTOR signaling pathway was 
found to cross-talk with autophagy and plays a role in promoting 
carcinogenesis under As exposure (Chen and Costa, 2018). Additionally, 
the enrichment of HIF1α and MAPK signaling pathway indicates a 
response to oxidative stress and hypoxic conditions, both of which are 
activated by As exposure and induce the formation of cancer-like cells 
(Bi et al., 2020; Juan et al., 2023). Moreover, As has been shown to 
induce insulin resistance and alter glucose metabolism, and a study of 
As-related gene expression in blood showed the enrichment of insulin 
resistance pathway (Rehman et al., 2020). Long-term As exposure has in 
some studies been associated with an increased risk of developing type 2 
diabetes (Chain et al., 2024). Our study showed the upregulation of 
insulin receptor signaling in females, suggesting a compensatory 
response to impaired insulin signaling, which may reflect inhibition of 
insulin-stimulated glucose metabolism and potentially contribute to 
insulin resistance under the As exposure. Six percent of the full cohort 
reported diabetes in the questionnaires, and a follow-up of our findings 
could be to evaluate genes of the insulin resistance pathway in diabetes 
cases and controls in As-enriched areas in Bolivia. Interestingly, the 
microRNA biogenesis pathways and glioma were enriched in females. 
Arsenic may induce epigenetic alterations, including miRNA dysregu
lation (Cardoso et al., 2018). Our findings suggest that As exposure may 
impact miRNA processing, and, in parallel with its known effects on 
DNA methylation, further disrupt the host gene expression. However, 
the mechanism of miRNA in carcinogenesis caused by As exposure re
mains unknown, but is worth further study. Together, these findings 
suggest a range of signaling and metabolic pathways that align with 
oxidative damage, metabolic regulation, and epigenetic regulation are 
involved in the As associated pathogenesis.

AS3MT is the main As methylating gene (Dheeman et al., 2014; 
Drobná et al., 2013; Torbøl Pedersen et al., 2020), and variation in this 
gene may cause differences in AS3MT expression under As exposure 
(Engström et al., 2011), differences in As metabolism (Engström et al., 
2013). In AS3MT major subgroup, we observed strong enrichment in 
functions related to autophagy, DNA damage, and macromolecule 
catabolism, which are in line with established arsenic toxicological 
mechanisms, including oxidative stress, protein damage, and genotox
icity (Tam et al., 2020). These findings are consistent with our results 
using the full cohort, indicating that As carcinogenesis is associated with 
the imbalance of cellular function, especially the autophagy pathway, 
which plays an important role in As carcinogenesis. Additionally, in 
AS3MT minor subgroup, we observed significant enrichment in cell 
proliferation-related functions, particularly those involving fibroblasts 
and connective tissue cells. Several studies have been done to show that 
low levels of arsenic increased proliferation in keratinocytes and dermal 
fibroblasts (Germolec et al., 1996; Vega et al., 2001). Chien et al. found 
that chronic exposure to low levels of As increased cell growth and cell 
density in the HaCaT cell (Chien et al., 2004). This proliferation- 
enhancing effect is postulated to contribute to arsenic’s ability to 
cause skin cancer (Trouba et al., 1999).

This study has some limitations. Our dataset is cross-sectional, which 
restricts our ability to investigate changes in gene expression over time 
under As exposure. Additionally, we used bulk RNA-seq data from pe
ripheral blood cells rather than single-cell sequencing; while we were 
able to estimate cell fractions in blood samples, we could not isolate 
specific cell markers or variations within individual cell types related to 
As exposure. Moreover, since this is an exploratory study, further 
research is needed to clarify the mechanisms and interactions between 
genes and proteins, and the role of the ethnicity on the genes expression 
associated with As exposure. Despite these limitations, our study 
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provides a comprehensive profile of how long-term As exposure affects 
gene expression in the peripheral blood of Bolivians, offering valuable 
insights for future research.

In conclusion, our RNA-seq analysis has revealed variations in the 
blood transcriptome of Bolivians associated with long-term As exposure, 
notably the downregulation of autophagy pathways, which may be a key 
feature in the response to As in this population, and further study tar
geting the autophagy pathway is highly needed to understand it is role in 
As-related disease. Additionally, our findings suggest that there might be 
a dose-dependent response to the As exposure, and high exposure may 
suppress the immune system. By stratifying genders and AS3MT geno
types, PI3K/AKT/mTOR and miRNA biogenesis associated pathways 
were enriched, indicating the crosstalk between autophagy with PI3K/ 
AKT/mTOR in As carcinogenesis and the importance of exploring the 
effect of As exposure by integration of multi-omics data in future work. 
Overall, our results provide new insights into the relationship between 
host gene expression and long-term As exposure in Bolivian Andes, 
advancing our understanding of the mechanisms underlying As-induced 
diseases, and shedding light on further study in this area.
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authors upon reasonable request: transcriptomics data from [HA], and 
other data from [KB].
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Abrahantes, J.C., Gómez Ruiz, J.Á., Steinkellner, H., Tauriainen, T., Schwerdtle, T., 
2024. Update of the risk assessment of inorganic arsenic in food. EFSA J. 22, e8488. 
doi: 10.2903/j.efsa.2024.8488.

Chen, B., Khodadoust, M.S., Liu, C.L., Newman, A.M., Alizadeh, A.A., 2018. Profiling 
tumor infiltrating immune cells with CIBERSORT. Methods Mol. Biol. Clifton NJ 
1711, 243–259. https://doi.org/10.1007/978-1-4939-7493-1_12.

Chen, Q.Y., Costa, M., 2018. PI3K/Akt/mTOR signaling pathway and the biphasic effect 
of arsenic in carcinogenesis. Mol. Pharmacol. 94, 784–792. https://doi.org/ 
10.1124/mol.118.112268.

Chen, Q.Y., Shen, S., Sun, H., Wu, F., Kluz, T., Kibriya, M.G., Chen, Y., Ahsan, H., 
Costa, M., 2020. PBMC gene expression profiles of female Bangladeshi adults 
chronically exposed to arsenic-contaminated drinking water. Environ. Pollut. 
Barking Essex 1987 (259), 113672. https://doi.org/10.1016/j.envpol.2019.113672.

Chien, C.-W., Chiang, M.-C., Ho, I.-C., Lee, T.-C., 2004. Association of chromosomal 
alterations with arsenite-induced tumorigenicity of human HaCaT keratinocytes in 
nude mice. Environ. Health Perspect. 112, 1704. https://doi.org/10.1289/ehp.7224.

Clarke, K., Ainsworth, M., 1993. A method of linking multivariate community structure 
to environmental variables. Mar. Ecol. Prog. Ser. 92, 205–219. https://doi.org/ 
10.3354/meps092205.

De Loma, J., Gliga, A.R., Levi, M., Ascui, F., Gardon, J., Tirado, N., Broberg, K., 2020. 
Arsenic exposure and cancer-related proteins in urine of indigenous Bolivian women. 
Front. Public Health 8. https://doi.org/10.3389/fpubh.2020.605123.

De Loma, J., Krais, A.M., Lindh, C.H., Mamani, J., Tirado, N., Gardon, J., Broberg, K., 
2022a. Arsenic exposure and biomarkers for oxidative stress and telomere length in 
indigenous populations in Bolivia. Ecotoxicol. Environ. Saf. 231, 113194. https:// 
doi.org/10.1016/j.ecoenv.2022.113194.

De Loma, J., Tirado, N., Ascui, F., Levi, M., Vahter, M., Broberg, K., Gardon, J., 2019. 
Elevated arsenic exposure and efficient arsenic metabolism in indigenous women 
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