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a b s t r a c t
The successful treatment of infectious diseases heavily relies on the therapeutic usage of antibiotics. However, the
high use of antibiotics in humans and animals leads to increasing pressure on bacterial populations in favour of
resistant phenotypes. Antibiotics reach the environment from a variety of emission sources and are being detected at relatively low concentrations. Given the possibility of selective pressure to occur at sub-inhibitory concentrations, the ecological impact of environmental antibiotic levels on microbial communities and resistance
levels is vastly unknown. Quantiﬁcation of antibiotic-resistance genes (ARG) and of antibiotic concentrations is
becoming commonplace. Yet, these two parameters are often assessed separately and in a speciﬁc spatiotemporal context, thus missing the opportunity to investigate how antibiotics and ARGs relate. Furthermore, antibiotic
(multi)resistance has been receiving ever growing attention from researchers, policy-makers, businesses and
civil society. Our aim was to collect the limited data on antibiotic concentrations and ARG abundance currently
available to explore if a relationship could be deﬁned in surface waters, sediments and wastewaters. A metric
of antibiotic selective pressure, i.e. the sum of concentrations corrected for microbial inhibition potency, was
used to correlate the presence of antibiotics in the environment to total relative abundance of ARG while controlling for basic sources of non-independent variability, such as country, year, study, sample and antibiotic class. The
results of this meta-analysis show a signiﬁcant statistical effect of antibiotic pressure and type of environmental
compartment on the increase of ARG abundance even at very low levels. If global environmental antibiotic pollution continues, ARG abundance is expected to continue as well. Moreover, our analysis emphasizes the importance of integrating existing information particularly when attempting to describe complex relationships with
limited mechanistic understanding.
© 2018 Elsevier B.V. All rights reserved.
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1. Introduction
Due to their ability to inhibit growth and eliminate microorganisms,
antibiotics play a crucial role against disease and infection over the last
few decades. Unfortunately, overuse and misuse of antibiotics, combined with bacterial capability to acquire antibiotic resistance genes
(ARG), have signiﬁcantly contributed to the escalation of lifethreatening infections leading to worldwide antimicrobial resistance
(Davies and Davies, 2010). According to current trends, resistant microorganism infections will claim 10 million lives by 2050, more than cancer and diabetes combined (O'Neill, 2016). In such a scenario, severe
economic costs reminiscent of the 2008 ﬁnancial crisis might be expected (Adeyi et al., 2017). This problem is most prevalent in artiﬁcial
clinical and veterinary settings with high selective pressure. However,
the elevated occurrence of antibiotics and resistance genes in the
(semi-)natural environment is also spawning concern and has
prompted governments and international organizations to promote
the One Health approach (EU, 2017; Spellberg et al., 2016; UN, 2016).
The emission of antibiotics to the environment occurs primarily via
wastewater treatment plant (WWTP) efﬂuent discharges, hospitals,
and industrial facilities, but also from agriculture, aquaculture and livestock (Fick et al., 2009; Harnisz et al., 2015; Ji et al., 2012; RodriguezMozaz et al., 2015). From here, these substances partly reach natural
water bodies (Marti et al., 2014), where they can spread and potentially
subject microbial communities to resistance selection (Costerton et al.,
1987; Engemann et al., 2008; Tello et al., 2012; Walters et al., 2003). Simultaneously, ARGs which undergo strong selection as a result of
human activity (e.g. hospital health care) are released into the environment via these pathways (Li et al., 2016; Rizzo et al., 2013).
Despite their natural presence (D'Costa et al., 2011), resistance genes
can be considered an environmental pollutant when abundant in the
environment above background levels (Rothrock et al., 2016). ARGs
can provide operational resistance to bacterial cells after a mutation or
horizontal gene transfer events (Bengtsson-Palme et al., 2018; von
Wintersdorff et al., 2016). The latter is of graver concern since it allows
the mobilization of ARGs across bacterial species and environments.
This capability allows the surge of bacteria resistant to multiple antibiotics, including those of last resort (Drali et al., 2018; Oliveira et al.,
2014). Clinically relevant genes, previously thought to be pervasive
only in health care facilities, are recurrently found in the environment
at the global scale (Cantón and Coque, 2006). Animal pathogens can infect humans and ARGs can in this way circulate between species with
the environment acting as an evolutionary breeding ground for potential infectious agents (Forsberg et al., 2012; Hu et al., 2016). Ultimately,
this changes the resistome landscape and may pose a risk to humans
from exposure to resistant bacteria in the environment (Ashbolt et al.,
2013; Huijbers et al., 2015; Manaia, 2017).
Measured concentrations of antibiotics in the environment are relatively low, as most antibiotics are readily biodegradable and there are
considerable differences in bioavailability. However, intricate bacterial
compensatory mechanisms, population dynamics and long-term persistence can lead to resistance gene emergence and enrichment (Händel
et al., 2013; Ibanez de Aldecoa et al., 2017; Kussell et al., 2005; Lee
et al., 2010). Moreover, weak evolutionary selection of high resistance
and horizontal gene transfer can occur at levels far below the traditional
minimum inhibitory concentrations (MIC) (Gullberg et al., 2011;
Jutkina et al., 2016). The effects of antibiotics on the emergence and
spread of resistance in environmental bacterial populations under complex conditions are mostly unknown.
The causal relationship between the presence of antibiotics and that
of bacterial sub-populations carrying ARGs has been consistently demonstrated under controlled experimental settings. However, such relationship is yet to be demonstrated in the natural environment. Given
the complexity of this relationship, there are numerous potential factors
that can inﬂuence gene transfer and abundance, e.g. temperature,
metals, pH and salinity (Headd and Bradford, 2018; Liang et al., 2013;

Miller et al., 2014; Seiler and Berendonk, 2012). Moreover, environmental co-occurrence of antibiotics and ARGs does not necessarily indicate a
causal relationship, since they are generally emitted into the environment simultaneously and follow similar environmental pathways. Additionally, the mechanisms of gene transfer under ﬁeld conditions are
still poorly understood (Chamosa et al., 2017), and only a minority of
environmental studies simultaneously quantify antibiotic residues and
associated ARGs to control for temporal and spatial variability. This
hampers the identiﬁcation, quantiﬁcation, and justiﬁcation of a causal
relationship. The lack of fundamental biological understanding hinders
the construction of self-containing predictive mathematical models of
resistance (Hellweger et al., 2011; Murphy et al., 2008; Opatowski
et al., 2011; Wu et al., 2014). Alternatively, the use of statistical regression techniques does not require mechanistic understanding to investigate whether any signiﬁcant relationship between antibiotic
concentrations and ARG abundance in the environment exists. This
would also allow a better assessment of the potential of these matrices
as sources of antibiotic resistant bacteria (Larsson et al., 2018).
In this study, the relationship between antibiotics and ARG abundance in global environmental matrices was assessed. To this end, empirical data on their environmental co-occurrence were compiled via a
systematic review of the scientiﬁc literature, and were then used to develop a number of linear mixed-effect models.
2. Data and methods
2.1. Search strategy
A literature review was performed by searching the Web of Science
platform in May 2018. The titles, abstracts, and keywords were screened
using the following search string “antibiotic* AND ARG$ AND *water”.
The symbol “$” represents zero or one character, while “*” represents
any group of characters, including no character. The publication year
was coerced to equal or b2017 as to encompass complete years. The
search returned 428 publications.
2.2. Selection criteria
The suitability of the publications was ﬁrst assessed by scanning the
titles and abstracts. Publications were selected for data extraction only
when antibiotic concentrations and resistance genes abundance were
measured simultaneously in the samples. Different techniques are currently employed to detect environmental DNA but only publications
using quantitative polymerase chain reaction (qPCR) were considered
since it has been widely applied and allows gene quantiﬁcation. This
study focused on three main environmental matrices, i.e. surface
water, wastewater and sediment. Non-original research publications
(e.g. reviews) were not considered but used as a source for crossreferences. This process resulted in the selection of 42 publications for
data extraction.
2.3. Data extraction
The following data were extracted and compiled: antibiotic concentrations, antibiotic-resistance gene copy numbers, environmental matrix type, sampling year, country. The data were collected from tables
and texts. Data expressed in ﬁgures were extracted by use of
WebPlotDigitizer 3.12 (Rohatgi, 2017). When not possible, the authors
were contacted to request the numerical data. The mean or median
values of replicates from the same samples were collected. Aggregated
samples over time or space were excluded. If both descriptors were
available, the mean value was selected over the median, given its extensive use. Reported concentrations below the limits of detection or quantiﬁcation were not considered for analysis. Data from the same samples
partitioned into separate publications were also recovered. A total of
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256 environmental samples were identiﬁed containing 87 antibiotics,
63 ARGs and 3 mobile genetic elements.
2.4. Data structure
2.4.1. ARG abundance
For each sample, if not reported in the study, the total 16S rRNA copy
number was used to calculate the relative abundance of individual ARGs
(Eq. (1)), as well as the total ARG abundance (TARG; Eq. (2)).
rARGx; j ¼
TARGy; j ¼

ARGx
16S rRNA j
X

rARGx; j

ð1Þ
ð2Þ

x∈y
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of individual antibiotics were used to determine the resistance selection
pressure potential by applying representative PNEC values, according to
Bengtsson-Palme and Larsson (2016) (Eq. (3)). Sediment PNEC values
were calculated using organic carbon-normalized sorption coefﬁcients
estimates from the software KOCWIN v2.01 (EPA, 2015) at an assumed
5.8% organic carbon content (RIVM, 2015). To allow a coherent comparison across samples, a measure of total selection pressure potential was
calculated (Eq. (4)).

ASP i; j ¼

MEC i; j
PNEC i

TASP y; j ¼

X

ð3Þ

ASP i; j

ð4Þ

i∈y

where rARGx, j is the relative abundance of antibiotic-resistance gene x
in sample j, ARGx is the number of copies of gene x, 16S rRNAj is the number of copies of 16S ribosomal RNA gene in sample j, and TARGy, j is the
total relative abundance of genes x in sample j which confer resistance
against antibiotics belonging to therapeutic class y (x ∈ y).
2.4.2. Resistance mapping and antibiotic classiﬁcation
Individual resistance genes were linked to the individual antibiotics
which they confer resistance against, according to the Comprehensive
Antibiotic Resistance Database (Jia et al., 2017). Then, these antibiotics
were grouped following the Anatomical Therapeutic Chemical (ATC)
classiﬁcation system (Table 1). Certain genes allow phenotypic resistance to more than one speciﬁc antibiotic, like extended-spectrum βlactamase genes such as blaCTX. In such cases, these genes were assumed
to be associated with all individual antibiotics belonging to a class
(Table 1). Antibiotic transformation products suspected of antibacterial
activity were included in the analysis (e.g. dehydrated erythromycin).
Besides individual rARGs, the relative abundance of genetic elements
intI1, intI2 and tnpA was also considered because of their important
role as facilitators of gene mobilization and spread of antibiotic resistance (Boerlin and Reid-Smith, 2008).
2.4.3. Antibiotic selective pressure
All antibiotics were standardized to concentrations of ng/l for surface water and wastewater, and ng/kg dw for sediment. Concentrations

where ASPi, j is the selection pressure potential of antibiotic i in sample j,
MECi, j is the measured environmental concentration of antibiotic i in
sample j, PNECi is the predicted no effect concentration for selection of
resistance by antibiotic i, and TASPy, j is the total selection pressure potential in sample j of antibiotics i belonging to therapeutic class y (i ∈ y).

2.4.4. Environmental matrices
Samples of WWTP inﬂuents, hospital wastewater, urban sewage and
industrial wastewater origin were classiﬁed as ‘wastewater’. Water
samples collected from rivers, estuaries, water reservoirs, bays, lakes
and creeks were classiﬁed as ‘surface water’. The environmental matrix
‘sediments’, includes sediment samples from rivers, estuaries, lakes,
water reservoirs, bays and coast. Wastewater was included in this
study for comparability since it is a heavily antibiotic and ARG loaded
matrix of anthropogenic origin.

2.4.5. Database
A ﬁnal database was created comprising 342 unique entries for each
antibiotic class nested by sample and study. These represent 26 studies
(Study), 11 countries (Country), 3 environmental matrices (Matrix), 197
samples (Sample), 10 sampling years (Year) and 11 antibiotic classes
(Class).

Table 1
Overview of genes that confer resistance to one or more antibiotics belonging to the same ATC class. Antibiotics not classiﬁed under the ATC system are indicated in italic. Integrons intI1
and intI2, and transposon tnpA have been mapped to all classes.
ATC class
Aminoglycosides
Carbapenems
Cephalosporins

Antibiotics

Gentamicin
Imipenem
Cefalexin, cefapirin, cefazolin, cefepime, cefotaxime, ceftazidime, ceftiofur, cefuroxime,
cephalosporin
Fluoroquinolones Cinoﬂoxacin, ciproﬂoxacin, danoﬂoxacin, enoxacin, enroﬂoxacin, levoﬂoxacin,
marboﬂoxacin, norﬂoxacin, oﬂoxacin, orbiﬂoxacin
Glycopeptides
Vancomycin
Lincosamides
Clindamycin, lyncomycin
Macrolides
Azithromycin, clarithromycin, erythromycin, erythromycin-H2O, leucomycin,
roxythromycin, spiramycin, tilmicosin, tylosin
Penicillins
Amoxicilin, ampicillin, ampicillin b, oxacillin, penicilin g, penicillin v, piperacillin,
tazobactam
Phenicols
CHLORAMPHENICOL, ﬂorfenicol, thiamphenicol
Phenols
Triclosan
Puinolones
Cinoxacin, ﬂumequine, nalidixic acid, oxolinic acid, pipemidic acid
Sulfonamides
n-Acetylsulfamerazine, n-acetylsulfamethazine, n-acetylsulfamethoxazol, sufacetamide,
sulfabenzamide, sulfachloropyridazine, sulfadiazine, sulfadimethoxine, sulfadimidine,
sulfamerazine, sulfamethizole, sulfamethoxazole, sulfamethoxipiridazine,
sulfametoxydiazine, sulfamonomethoxine pyridazine, sulfanitran, sulfapyridine,
sulfaquinoxaline, sulfathiazole, sulﬁsomidin, sulﬁsoxazole
Tetracyclines
Anhydrotetracycline, 4-epitetracycline, chlortetracycline, demeclocyline,
doxycyclinehyclate, doxycyline, meclocycline, oxytetracycline, tetracycline
Trimethoprims
Trimethoprim

Antibiotic-resistance genes
aacC2, aac(6′)-Ib
blaCTX, blaKPC, blaNDM, blaSHV, blaOXA, blaTEM, blaVIM
blaCTX, blaKPC, blaNDM, blaSHV, blaOXA, blaTEM, blaVIM, OXA-10
oqx(A), oqx(B), qnr(B), qnr(C), qnr(D), qnr(S), qep(A), gyrA, par(C)
vanA, vanB
ermA, ermB, ermC, ermE, ermF
ere(A), ere(B), ermA, ermB, ermC, ermE, ermF, mefA, mefA/mefE
blaCTX, blaKPC, blaNDM, blaSHV, blaTEM, blaVIM, blaOXA-1, blaOXA-10
cat1, cmlA, fexA, fexB, ﬂoR
gyrA
qnr(B), qnr(C), qnr(D), qnr(S), qep(A), gyrA, par(C)
sul(1), sul(2), sul(3)

tet(A), tet(B), tet(C), tet(E), tet(G), tet(H), tet(L), tet(M), tet(O),
tet(Q), tet(S), tet(T), tet(W), tet(X), tet(Z), tet(A/P), tet(B/P)
dfrA1, oqx(A), oqx(B)
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2.5. Data analysis
2.5.1. Model architecture
The ﬁnal database was used to construct a suite of linear mixedeffects models (LMMs), an extension of the classical linear regression
model. As opposed to simpler linear regression models, where only
the usual ﬁxed effects or population parameters are accounted for,
LMMs allow the ﬂexible incorporation of random effects to account for
cluster-correlated data from distinct sources of variability (Harrison
et al., 2018). An initial model was constructed with TARG as response
variable. TASP and Matrix were used as the explanatory variables since
these were determined key elements of interest in this study. Variables
Class, Year, Study, Sample, and Country were included as covariates.
These were embedded as dummy variables because of their categorical
nature. The full mixed-effects model for the estimation of TARG was
TARG ¼ TASP þ Matrix þ ð1jCountryÞ þ ð1jYear Þ þ ðMatrixjClassÞ
þ ð1jStudy=SampleÞ þ ε

ð5Þ

where TASP and Matrix compose the ﬁxed effects structure, (1| Country)
and (1| Year) are crossed random factors, (Matrix| Class) is a term
allowing random intercepts for each Matrix to vary among levels of
the Class grouping factor, (1| Study/Sample) is a nested term allowing
random intercepts varying among Study, and Sample within Study, ε is
the random error term. A supplementary analysis was conducted by
modelling individual genes (ARGx, j) in each matrix using simple linear
regressions. All antibiotics i from any class y to which gene x confers resistance against (i ∈ y) were used as predictor (TASPy, j). A natural logtransformation was applied to both TARG and TASP.
2.5.2. Model selection and evaluation
To ﬁnd the most parsimonious model that explains TARG in function
of TASP and matrix, all potential models were created by variant combinations of the terms from the full model (Fig. A1). These candidate
models were ﬁtted using restricted maximum likelihood (REML) estimations. For the exclusion of random terms, the corrected Akaike Information Criterion (AICc) was used. Then, the signiﬁcance of each ﬁxed
term was evaluated using F tests with Kenward-Roger approximations.
Interaction effects between the ﬁxed terms were also assessed. The uncertainty of the ﬁxed and random estimates was computed using parametric bootstrapping and expressed as 95% conﬁdence intervals. Finally,
the marginal and conditional coefﬁcients of determination for the best
ﬁtting model were determined. Data analyses (Item A1) and graphics
were performed using the packages ‘lme4’, ‘pbkrtest’, ‘MuMIn’ and
‘ggplot2’ with the statistical software R version 3.4.2 (RCoreTeam,
2018).
3. Results and discussion
The data showed that global TASP positively correlates with increasing levels of resistance genes abundance. The best regression model describing this relationship (Tables A1–2) indicated that both TASP and
matrix signiﬁcantly impacted TARG even though these only accounted
for 17% of the variance (Table 2). Such percentage is not surprising
given the biochemical complexity of the samples analysed and the
existing high variance between the different studies (Table A3). This indicates the existence of other possible factors inﬂuencing the extent of
TARG, as for example metal (Xu et al., 2017) and faecal pollution
(Karkman et al., 2018). Nonetheless, our model could explain 92% of
TARG variance when the random variables were accounted for, indicating that the variability engrained in the gathered data might be explained by a number of random factors. The total antibiotic selective
pressure has been calculated for surface waters, sediments and wastewater in order to analyse which compartment exerted greater inﬂuence
in total resistance gene abundance.

Table 2
Fixed predictor estimates of the best model. SE, standard error. CI95, lower and upper
boundaries of bootstrapped 95% conﬁdence interval after 1000 simulations.
Fixed effects

Coefﬁcients

SE

t-value

LCI95

UCI95

Intercept
Sediment
Surface water
Wastewater

−5.307
−7.842
−4.962

1.424
1.540
1.155

−3.726
−5.091
−4.296

−8.034
−11.211
−7.501

−1.529
−4.911
−2.620

Slope
Sediment
Surface water
Wastewater
R2-marginal

0.231
0.226
−0.336
0.17

0.126
0.145
0.167

1.833
−0.036
−3.386

−0.022
−0.326
−0.980

0.491
0.226
−0.202

Separately, total antibiotic selective pressure and type of matrix signiﬁcantly affected the total resistance gene abundance (Table A2). A
combined approach with interaction effects provided a signiﬁcantly superior measure for estimating TARG (p b 0.05). TASP dictated the
incrementing rate of TARG while the type of matrix determined the
scale at which gene abundance occurs. TARG increased continuously
but at ever lowering rates, i.e. more sudden effects are expected at
lower TASP. For example, for 1 ≤ TASP ≤ 2 the average rate of increase
of TARG in sediment, surface water and wastewater is 17%, 17% and
−21%, respectively, whereas for 2 ≤ TASP ≤ 10 it decreases to 3%, 2%
and −4%. This coincides with our understanding that antibiotic exposure of bacteria, including to sub-inhibitory concentrations, favours
the growth of resistant strains over sensitive ones via weak selection
(Davies et al., 2006; Jutkina et al., 2018; Pena-Miller et al., 2013). However, an opposite TARG trend is observed in wastewaters, a main medium for disposal of excreted antibiotics as well as human and animal
microbiota. One hypothesis is that the concentrations of antibiotics
and other contaminants in wastewaters reach sufﬁciently high toxic
levels that prevent the development and survival of resistant microbes.
Matrices inﬂuence the level of TARG at different magnitudes (Fig. 1).
Surface waters exhibited the lowest baseline levels of resistance genes,
likely due to its hydrological characteristics. Lower levels of ARGs are
expected to be found in this compartment as suspended biological material, nutrients and antibiotics are prone to be diluted, transported elsewhere or deposited by gravitation. In this environmental compartment,
only the resistance gene qnr(S) and mobile element intI1 were found to
be signiﬁcantly correlated with TASP (Table A4). Sediments are a
uniquely steady substrate for the deposition and further accumulation
of molecules from its surroundings. Given the temporal and spatial coverage of this meta-analysis, average ARG values were estimated to be
thirteen-fold higher in sediments than in the water column. Simple regressions revealed that tet(B) and sul(3) were negatively correlated
with TASP while oqx(B) was positively correlated (Table A4). In wastewaters, the average levels of resistance genes, at the resistance selection
risk threshold of TASP = 1, were higher than in environmental surface
waters (eighteen-fold) but slightly lower than in sediments (seven
tenths-fold). The only resistance gene found to be signiﬁcantly correlated with TASP in wastewaters was tet(Q) (Table A4). Wastewater is
a potential source of ARG pollution in sediments (Czekalski et al.,
2014) which may in some cases be a cause of environmental risk concern for antibiotic resistance development.
Antibiotics are often classiﬁed according to their similar molecular
structure, mode of action and therapeutic application, easing extrapolations about the effects of large numbers of antibiotics on environmental
resistance. In this study, four out of the ten classes (macrolides, sulfonamides, tetracyclines, ﬂuoroquinolones) represent 92% of the analysed
cases (Fig. 2). It is unclear whether this is a true representation of prevailing classes in the environment or an artefact caused by the preferential interest of the authors of the original studies. Samples containing
sulfonamides and macrolides were mostly found in surface waters
with a few occurrences in sediment. Fluoroquinolones were similarly
represented in surface water and sediment and slightly more in
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Fig. 1. Total antibiotic selective pressure and total antibiotic-resistance genes in sediments, surface water and wastewater. Unique database entries are expressed as dots and the model
predictions using unconditional (population-level) values are expressed as solid lines. TASP equal to 1 (risk threshold) is indicated by the dashed vertical lines.

wastewater. Interestingly, tetracyclines were present in a substantial
number of sediment samples which agrees with its strong tendency to
adsorb to sediments and suspended particles (Hektoen et al., 1995; Ji
et al., 2016; Tamtam et al., 2008). Despite the analogous distribution
range of TASP across matrices, all classes consistently exerted a selective
pressure above the risk threshold in sediments with the exception of
sulfonamides (Fig. 2). TARG variability due to antibiotic class within

matrices was considerably different, i.e. in surface water and wastewater the variance between classes was high whereas in sediment this
value was much lower, σ2 = 16, 6 and 4, respectively (Table A3). This
indicates that in sediments, equal TASP levels of different antibiotic classes are more likely to result in similar estimated ARG levels. This lack of
class-speciﬁc inﬂuence suggests that gene abundance estimation in surface water and wastewater is less reliable than in sediments. A possible

Fig. 2. Total antibiotic selective pressure and total antibiotic-resistance genes stratiﬁed by therapeutic class and matrix. Each panel corresponds to a class and the coloured lines to each
matrix (brown, sediment; blue, surface water: purple, wastewater). Sample data is expressed in isocontours after two dimensional Gaussian kernel density estimation. TASP equal to 1
(risk threshold) is indicated by the dashed vertical lines. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)
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explanation is the ability of sediments to maintain their biogeochemical
properties unchanged over time, in contrast with the unstable nature of
surface water and wastewater (Karkman et al., 2018; Lekunberri et al.,
2018; Pruden et al., 2012; Sabri et al., 2018).
Previous studies have measured environmental antibiotic concentrations or quantiﬁed the presence of genes, while only a small fraction
assessed the two parameters simultaneously. This smaller subset of
studies analysed such information independently and within a particular spatiotemporal context. Moreover, studies are biased towards the
measurement of antibiotics and genes of greater concern, scientiﬁc interest or whose presence in the sampled locations is suspected. To our
knowledge the present study is the ﬁrst that integrated this sparse empirical data and described their overall relationship using linear mixed
models. In addition, individual antibiotic concentrations were corrected
for their speciﬁc resistance-selective effects providing a simple aggregated risk metric of selection potential. Nevertheless, these estimates
are based on a limited number of studies, each with its own design
and methodology, thus explaining the limited predictive power of the
model and high uncertainty. Also, antibiotic selective pressure values
have been calculated by means of PNECs derived from MICs, which in
themselves are mainly biased towards antibiotics and microbial taxonomic groups of concern to human health (Bengtsson-Palme and
Larsson, 2016). Finally, the regression model does not allow for mechanistic explanations in regards to the ﬂuctuations in resistant microbial
proﬁles in the environment caused by antibiotic pollution. It is wellknown that antibiotics can trigger resistance mechanisms and transmission, but such a relationship could also result from a coincidental fate
process, e.g. the simultaneous discharge and dispersal of antibiotics
and ARGs contained in faecal waste. In spite of these limitations, the results reported in this study contribute to our understanding of how
global antibiotic resistance might be progressing and, more importantly,
help to inform interested parties on resistance inducing factors that deserve their attention. Future ﬁeld and modelling efforts are suggested to
integrate additional biotic and abiotic parameters (e.g. nutrients), resistance co-selection agents (e.g. metals) and pollution types (e.g. faecal
pollution), consider the use of new technologies (e.g. epicPCR), account
for left-censored data (e.g. data imputation), distinguish between intracellular and extracellular DNA and screen for pathogens in local bacterial communities.
In summary, a collection of reported data from literature has been
used in a meta-analysis to investigate the relationship between antibiotic concentrations and resistance gene abundance in the environment.
The study revealed that antibiotic pressure and type of environmental
compartment can be used to predict the overall abundance of resistance
genes.
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