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Abstract:

 Antibiotic resistance is a major concern, yet it is unclear what causes the relatively high densities of resistant bacteria in the anthropogenically impacted environment. There are various possible scenarios (hypotheses): (A) Input of resistant bacteria from wastewater and agricultural sources is significant, but they do not grow in the environment; (B) Input of resistant bacteria is negligible, but the resistant bacteria (exogenous or endogenous) grow due to the selection pressure of the antibiotic; (C) Exogenous bacteria transfer the resistance to the endogenous bacteria and those grow. This paper presents a simple mechanistic model of tetracycline resistance in the aquatic environment. It includes state variables for tetracyclines, susceptible and resistant bacteria, and particulate and dissolved organic matter in the water column and sediment bed. The antibiotic partitions between freely dissolved, dissolved organic matter (DOM)-bound and solids-bound phases, and decays. Bacteria growth is limited by DOM, inhibited by the antibiotic (susceptible bacteria only) and lower due to the metabolic cost of carrying the resistance (resistant bacteria only). Resistant bacteria can transfer resistance to the susceptible bacteria (conjugation) and lose the resistance (segregation). The model is applied to the Poudre River and can reproduce the major observed (literature data) patterns of antibiotic concentration and resistance. The model suggests observed densities of resistant bacteria in the sediment bed cannot be explained by input (scenario A), but require growth (scenarios B or C).
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1. Introduction

Antibiotics are an important weapon against bacterial diseases. However, after a new drug is introduced, bacteria generally develop resistance to it, and today there are many pathogens that are resistant to most antibiotics. The proliferation of antibiotic resistance is one of the most significant contemporary public health threats [1]. Hospitals are at the front line of this battle and a significant amount of research has focused on understanding the ecology of antibiotic resistance in this setting [2], but there is now also an emerging concern about the spread of resistance in the environment (e.g., surface waters) [3,4].

Tetracyclines are used extensively for human medicine and agriculture. They, and bacteria resistant to them, enter the aquatic environment from wastewater and agricultural sources, and resistance has been found to increase along rivers subject to urban and/or agricultural influences [4–7]. However, it is unclear what mechanism is responsible for the relatively high densities of resistant bacteria observed in the aquatic environment, and there are a number of possible scenarios (hypotheses, Figure 1). (A) The resistant bacteria enter from wastewater and agricultural sources, but they do not grow. Significant fractions of resistant bacteria have been found in these discharges [6,8], and enteric bacteria are typically assumed not to grow in the ambient environment. (B) The input of resistant bacteria is negligible, but the antibiotic gives them (exogenous or endogenous) a selective advantage and they grow. Here, exogenous and endogenous is meant with respect to the aquatic environment. Selection of tetracycline resistant bacteria or resistance genes under surface water conditions has been demonstrated in controlled experiments [9–11]. (C) The exogenous resistant bacteria transfer the resistance to the endogenous bacteria and those grow. Transfer of resistance plasmids (horizontal gene transfer) has been demonstrated to occur under sediment bed and water column conditions [7,12,13]. Another scenario is co-selection by other stresses (e.g., metals) [14], which is not considered here (discussed further below).

Figure 1. Scenarios for the presence of resistant bacteria in the environment. (A) Input of resistant bacteria from external sources is significant, but they do not grow; (B) Input of resistant bacteria is negligible, but the resistant bacteria grow due to the selection pressure of the antibiotic; (C) Exogenous bacteria transfer the resistance to the endogenous bacteria and those grow.
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Models are important tools for understanding and managing environmental systems. Can a model, developed based on our current understanding of the various processes affecting antibiotic resistance, reproduce the observed patterns of resistant bacteria in the aquatic environment? Can it provide insight into why they are there?

Models for antibiotic fate and transport in the aquatic environment have been developed [15,16], but they have yet to be extended to include resistance. This may be because the mechanisms affecting antibiotic resistance are new to environmental modelers. Whereas many emerging contaminants can be modeled using established methods for toxic chemical fate and transport (e.g., sorption, photolysis), antibiotic resistance is subject to fundamentally new processes, including the toxic effect of the antibiotic and cost of carrying the resistance, and transfer of resistance among bacteria and loss.

This paper presents a simple model of tetracycline resistance in the aquatic environment. The model is then applied to the Poudre River and compared to literature data. A number of diagnostic simulations are performed to learn about the cause of tetracycline resistance in the river (i.e., scenarios A–C outlined above).



2. Model Description

The model combines concepts from existing mechanistic models of toxic chemicals, bacteria and tetracycline resistance. A schematic of model processes is presented in Figure 2. State variables include the concentration of tetracycline (C, μg·L−1), susceptible bacteria (XS, mgC·L−1), resistant bacteria (XR, mgC·L−1), particulate organic matter (POM, mgC·L−1) and dissolved organic matter (DOM, mgC·L−1) in the water column and sediment bed. There are a number of tetracyclines (tetracycline, chlortetracycline, ...) and it would be straightforward to simulate them all. However, the fate and transport properties (e.g., decay, sorption) are not known for all of them, and the model is therefore applied to the sum of tetracyclines. This is a reasonable first step that can be expanded upon in the future. Models of polychlorinated biphenyls (PCBs) have evolved in a similar manner from total to homologs to congeners. Consistent with this assumption, any literature on specific tetracyclines is assumed to apply to this model. The concentration of bacteria is defined on a biomass carbon basis (mgC·L−1), which is common practice in biogeochemical models [17]. This concentration can be converted to a cell density (cells·mL−1) assuming cell dry weight (gd·cell−1) and carbon fraction (gC·gd−1). Individual bacterial species are not resolved, although endogenous and exogenous bacteria are differentiated in one simulation. This is consistent with other water quality models [17] and reasonable considering tetracycline is a broad-spectrum antibiotic. Current models of antibiotic resistance in hospitals are at a similar level of complexity [2]. POM and DOM are simulated using single state variables, and heterogeneity in reactivity, bioavailability or sorption characteristics are not considered. In other words, all POM and DOM molecules are assumed to have the same properties. It is well-known that not all of the DOM is available for bacterial growth, and various methods for estimating this fraction are available (biodegradable dissolved organic carbon, assimilable organic carbon) [18,19]. However, for this simplistic model (steady-state, prescribed POM production), assuming one form of DOM is equivalent to simulating a constant available fraction (with appropriate adjustment in half-saturation constant, see Figure S3). Water column transport includes advection and dispersion, which is simulated using established water quality modeling approaches [20,21]. An overview of processes is presented below and the full details are presented in the Supplementary Information (SI).

Figure 2. Schematic of model state variables and processes. The model includes five state variables in the water column and sediment bed: C = tetracycline, XS = susceptible bacteria, XR = resistant bacteria, POM = particulate organic matter, DOM = dissolved organic matter. The model includes a number of mechanisms: kX = decay, Kd = partitioning, TSS = total suspended solids, μ = growth, kR = respiration, kC resistance transfer, kS = resistance loss, MICfd = tetracycline toxicity, P = POM production, kH POM hydrolysis, vs = settling, vr = resuspension, vd = diffusion, fp,X = particle-associated bacteria.
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2.1. Tetracycline

The mass balance equation (omitting transport terms for clarity, see SI for full equations) for tetracycline (C) is:
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(1)




where kX (day−1) is the decay rate constant. Equation 1 states that the tetracycline concentration changes due to decay, which removes tetracycline. Tetracycline decays by photolysis, hydrolysis and oxidation reactions [15], and some data for individual process rates are available [22]. However, most literature data only provide overall decay rate constants and solution chemistry required to apply more detailed models are not available.
Partitioning between freely dissolved, solids-bound and DOM-bound phases is simulated using linear partition coefficients [21]. For example, the freely dissolved (i.e., not bound to solids or DOM) concentration (Cfd, μg·L−1) is:
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(2)




where Kd,DOM (L·kgC−1) and Kd,solid (L·kgS−1) are the DOM and solids partition coefficients, and TSS (mgS·L−1) is the total suspended solids concentration. Sorption of tetracyclines to solids and DOM involves a number of mechanisms (e.g., cation exchange and surface complexation) for which models have been developed [23]. However, for this field application, solids and DOM characteristics, and water chemistry are ill-defined, which prohibits the application of these models. Non-linear models (e.g., Freundlich Isotherm) have been used to explain tetracycline-DOM partitioning data in the literature [24]. However, all datasets reviewed here (see Table S4) exhibit linear partitioning at environmentally-relevant concentrations. Rose and Pedersen [15] also used simple solids and DOM partition coefficients for their model. Consistent with current understanding and data for partition coefficients [25], tetracycline partitions to total suspended solids (TSS), rather than the organic fraction (POM). Note that the DOM concentration is defined on a carbon-basis, which is reflected in the units of the partition coefficient. However, this should not be interpreted as hydrophobic binding being the dominant sorption mechanism (i.e., Kd,DOM > KOW) [25]. Tetracycline in the freely dissolved form is assumed to be bioavailable (see below). Settling (vs, m·d−1), resuspension (vr, m·d−1) and diffusion (vd, m·d−1) is simulated using established water quality modeling concepts [21].


2.2. Bacteria

The mass balance equations for susceptible bacteria (XS) and resistant bacteria (XR) are:
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(3)
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(4)




where μS and μR (day−1) are the specific growth rates for susceptible and resistant bacteria, kR (day−1) is the specific endogenous respiration rate, kC (L·mgC−1·day−1) is the transfer rate constant (gain of resistance), kS (day−1) is the segregation rate constant (loss of resistance). Equations 3 and 4 state that the susceptible and resistant bacteria concentrations change by growth (term 1), respiration (term 2), gain of resistance (term 3) and loss of resistance (term 4). The growth and respiration processes (terms 1 and 2) increase and decrease the bacteria concentration, respectively. The gain of resistance process (term 3) moves bacteria from the susceptible to the resistant pool. The loss of resistance process (term 4) moves bacteria from the resistant to the susceptible pool.
The growth rates for susceptible and resistant bacteria are:
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(5)
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(6)




where μMAX (day−1) is the maximum specific growth rate, KM (mgC·L−1) is the half-saturation constant, Cfd (μg·L−1) is the freely dissolved tetracycline concentration, MICfd (μg·L−1) is the freely dissolved minimum inhibitory concentration (MIC) (see Section 2.4), and α is the cost of resistance. The growth rate of susceptible and resistant bacteria accounts for the effect of nutrient concentration using a Monod saturation term. Note that DOM serves as a nutrient for the bacteria and sorption site for tetracycline. The growth rate of susceptible bacteria is reduced by the antibiotic (see next section). The growth rate of resistant bacteria is reduced to account for the metabolic cost of carrying the resistance (see next section). Gain of resistance is a second-order reaction between the susceptible and resistant bacteria, and the loss of resistance is a first-order reaction applied to the resistant bacteria (see next section). A fraction of the bacteria is associated with the suspended solids (fp,X) and settles (fp,X vs), and bacteria can be resuspended (vr).


2.3. Tetracycline Action, Resistance, Cost of Resistance and Transfer of Resistance

A great deal is known about the mechanisms of tetracycline action, resistance, cost of resistance and transfer of resistance [26], which are all included in a very simplified manner in this model. Tetracycline acts by inhibiting protein synthesis. It is a bacteriostatic antibiotic that exhibits a linear relationship between the specific growth rate and antibiotic concentration at subinhibitory concentrations [27], and that observation is the basis for the inhibition term in Equation 5. There are numerous tetracycline resistance genes that code for efflux pumps, ribosomal protection or antibiotic inactivation proteins [26]. The model does not resolve a specific mechanism, but simply assumes the growth rate of the resistant bacteria is not affected by the antibiotic (i.e., Equation 6 does not have an inhibition term). In the absence of the antibiotic, the resistance gene does not provide an advantage to the bacteria, and can exert a metabolic cost [28]. If the gene is expressed, there is a cost associated with transcription and translation, and the resistance protein may itself be detrimental. If it is not expressed, it still has to be replicated to keep up with cell division. However, regulation and compensatory mutations can reduce or eliminate the metabolic cost of carrying the resistance [28,29]. Also, co-location of an antibiotic resistance gene with other genes (e.g., metal resistance [14]) on the same plasmid can make carrying the plasmid (with the antibiotic resistance gene) beneficial. Here, adaption and co-selection are not considered and the cost of carrying the resistance is modeled by reducing the growth rate of the resistant bacteria by a constant fraction (α, see Equation 6), which is based on an existing model [30]. Tetracycline resistance genes are most commonly associated with conjugative or mobilizable elements in plasmids or the chromosome [26]. Here, the gain and loss of resistance is based on an existing model of plasmid transfer [30]. That is, resistance is transferred when a susceptible and resistant bacteria meet (second-order reaction), and lost spontaneously (first-order reaction), as shown in Equations 3 and 4.



2.4. Bioavailability of Tetracycline

The model accounts for the bioavailability of the antibiotic. As discussed above, tetracyclines bind to solids and DOM, which reduces the freely dissolved, bioavailable concentration, a mechanism well-known to modify the toxicity of chemicals [31]. The antibiotic effect is therefore calculated based on the freely dissolved concentration (Cfd), which is calculated from the total concentration using Equation 2. The parameter used to quantify the toxicity of the antibiotic is the freely dissolved MIC (MICfd; MIC = minimum inhibitory concentration; fd = freely dissolved), rather than the total MIC, which is what is typically used to quantify antibiotic toxicity. The MICfd is calculated from literature MIC values using the same partitioning calculation shown in Equation 2.

The bioavailability effect may not be significant for assessing toxicity in vivo (i.e., the DOM is similar to that in lab growth media?). However, the DOM concentration in the aquatic environment is typically a factor of 1,000 lower than that of growth media used for MIC experiments (∼6 mgC·L−1vs. ∼6 gC·L−1). Based on a simple partitioning calculation (Equation 2, Kd,DOM in Table 1, TSS = 0), the freely dissolved fraction in growth media and aquatic environment is 1.0% and 91%, respectively. That means a total concentration of 1.0 mg·L−1 in growth media is equivalent to 11 μg·L−1 in the aquatic environment (the freely dissolved concentration is 10 μg·L−1 in both cases). The potency of tetracycline is increased 100-fold in the aquatic environment.

Table 1. Model parameters, their units, value assigned in the model and literature range (a).


	symbol
	units
	value
	literature(b)





	Kd,solid
	log L·kgS−1
	2.3
	−0.52–5.5



	Kd,DOM
	log L·kgC−1
	4.2
	3.2–5.4



	kX
	d−1
	0, 1.0(c)
	0.046–43 (d)



	MICfd
	μg·L−1
	13
	12–14



	α
	%
	1.0, 100 (e)
	−3.7–89



	kS
	d−1
	0, 4.0 × 10−3(f)
	0–0.13



	kC
	L·mgC−1·d−1
	0, 1.0 × 10−5(f)
	0–1.0





(a)Selected parameters, see SI for full list;(b)See SI for specific references;(c)Model 3;(d)In water column only;(e)Model 3A;(f)Model 3C.




No data on sorption to growth media are available and the above calculation assumes the Kd,DOM from sorption experiments using natural organic matter and humic acids is applicable to growth media. This is a major assumption, the effect of which is illustrated by a simulation where sorption to MIC test media is assumed negligible (MICfd = MIC).

Several studies have explored the effect of environmental factors on the toxicity of tetracyclines. Garrett and Miller [32] did not observe a significant effect of nutrient concentration on growth rates, but concentrations were only varied by a factor of two, and other parameters (salt) were different as well. Lunestad and Goksoyr [33] found that binding to Mg and Ca ions significantly reduced toxicity. Halling-Sørensen et al. [34] found reduced toxicity in the presence of sludge and attributed it to partitioning. Chander et al. [35] found reduced toxicity in a soil-water mixture with higher tetracycline affinity. These experiments do not cover the 1,000-fold difference in DOM concentration, but are generally consistent with the partitioning mechanism.



2.5. Organic Matter

The mass balance equations for POM and DOM are:
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(7)
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(8)




where P (gC·m−2·day−1) is the areal POM production rate, H (m) is the water column depth, kH (day−1) is the POM hydrolysis rate constant, and Y is the yield coefficient. Equation 7 states that the POM concentration changes due to production (term 1) and hydrolysis (term 2). The production process (term 1) adds POM. The hydrolysis process (term 2) removes POM. Equation 8 states that the DOM concentration changes due to hydrolysis (term 1), and growth of susceptible and resistant bacteria (terms 2 and 3). The hydrolysis process (term 1) adds DOM. The growth process (terms 2 and 3) removes DOM. POM settles (vs) and resuspends (vr), and DOM diffuses (vd) between the water column and sediment bed.



3. Poudre River Application

The (Cache la) Poudre River in Colorado is a testbed for studying antibiotic fate and transport and antibiotic resistance in the aquatic environment (Figure 3). The watershed is a relatively complex system, including numerous discharges, withdrawals, tributaries, etc. Effluent from several municipal wastewater treatment plants (WWTPs) enters at various points along the river (Figure 3, red arrows). The upstream area (above USGS#2000) is mostly pristine forest. Downstream are the Ft. Collins and Greeley urban centers (gray areas), and the surrounding land use is agricultural, with mostly cropland and pasture (AG, light green) and confined animal feeding operations (CAFO, dark green).

Figure 3. Poudre River study site showing mainstem river, sampling locations, wastewater treatment plant (WWTP) inputs and land use. CSU#1 (Colorado State University Station 1), etc. are sampling points of Kim and Carlson [36]. USGS (United States Geological Survey) gage numbers are abbreviated (e.g., #2260 is number 06752260). Land use colors: gray = urban, light green = agricultural (AG), dark green = confined animal feeding operations (CAFO).
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3.1. Model Input

All model input and discussion is presented in the SI and only an overview is presented here. The main stem Poudre River is modeled as a steady-state, one-dimensional system with flow from WWTP, and AG and CAFO nonpoint sources. Nonpoint flow contribution from each land use type was calculated using the weighted flow accumulation function in the ArcGIS geographic information system (GIS) software. Tetracycline boundary conditions are based on site-specific data [36–40] and other literature sources. Kd,solid was calibrated against the relative water column and sediment bed concentrations. The resulting value is on the low side, but within the range of literature values (Table 1), which is not surprising considering the relatively coarse-grained substrate of the river sediment bed (sand) [36]. Kd,DOM was assigned as the geometric mean of the literature values (Table 1). MICfd was assigned as the average of soil and sediment bacteria literature values (Table 1). The bacteria and organic matter parameters were assigned based on a steady-state assumption, and site-specific and literature data. Other parameters are varied among the different simulations as discussed below. A summary of calibration parameters is presented in Table S2.



3.2. Simulations Performed

A number of simulations with different inputs are performed. Models 1, 2 and 3 explore different inputs and decay mechanisms for tetracycline concentrations. Model 1 includes tetracycline input from wastewater treatment plants (WWTPs) only. Model 2 includes tetracycline input from WWTPs and agriculture. Model 3 includes tetracycline input from WWTPs and agricultural, and decay. Model 3 provides the best fit to the data and is adopted for three additional simulations exploring different scenarios for the presence of resistant bacteria in the river. Model 3A includes significant external input of resistant bacteria, but no growth (scenario A in Figure 1). Model 3B includes negligible input of resistant bacteria, but the resistant bacteria grow due to the selection pressure of the antibiotic (scenario B in Figure 1). Model 3C includes transfer of the resistance from the exogenous bacteria to the endogenous bacteria, and those grow (scenario C in Figure 1). Several additional diagnostic simulations are presented to investigate the role of DOM bioavailability (Model 3C1), sorption to MIC test media (Models 3B2 and 3C2) and sorption to DOM (Model 3C3), and the time-variable response after discharge is stopped (Model 3C4).




4. Results & Discussion


4.1. Tetracyclines Concentration

The water column and sediment bed concentrations of six tetracyclines, including oxytetracycline (OTC), tetracycline (TC), demeclocycline (DMC), chlortetracycline (CTC), doxycycline (DXC), meclocycline (MCC) were measured by Yang and Carlson [37], and Kim and Carlson [36,40]. The observed concentrations show an increase at Ft. Collins and another one at Greeley (Figure 4a&b). A number of model simulations are presented. Model 1 includes WWTP input based on the maximum measured tetracycline concentrations at the Ft. Collins Drake WWTP [37–39], no contribution from agricultural sources (AG, CAFO) and no decay. This model predicts an increase at Ft. Collins, but it significantly underestimates the water column and sediment bed concentrations (Figure 4a&b, thin line). This suggests significant contributions from the agricultural areas, which is reasonable considering the use of tetracyclines in agriculture. Model 2 includes WWTP inputs based on average measured tetracycline concentrations, calibrated AG and CAFO tetracycline concentrations and no decay (Figure 4a&b, dotted line). No site-specific data for runoff from agricultural areas are available, and the literature data vary greatly. The tetracycline concentration was therefore adjusted (calibrated) to match the field data. This model reproduces much of the observed spatial pattern of tetracyclines in the water column and sediment bed, including the increase in water column concentration at Ft. Collins and Greeley. However, it underestimates the increase of sediment bed concentration at Ft. Collins. The small step-like increases in concentration reflect nonpoint source inflows. Model 3 includes decay in the water column, and re-calibrated AG and CAFO concentrations (Figure 4a&b, heavy line). The decay rate constant (kX) was calibrated against the water column data and the resulting value is on the low side, but well within the range of literature values (Table 1). This is expected considering photolysis is the predominant decay mechanism, which is reduced by light attenuation in the water column [15]. The resulting calibrated concentrations for the AG and CAFO sources are within the range of the literature. The CAFO value is on the high side of the literature for agriculture, but that is expected considering the higher density of animals. Used in this manner, the model is a tool for estimating the tetracyclines concentration in runoff from agricultural lands. Model 3 provides the best fit to the data and is adopted for the simulations looking at antibiotic resistance below.

Figure 4. (a) Water column; (b) sediment bed tetracycline concentrations in the Poudre River; (c–d) Sediment bed tetracycline resistance.Note: In (a) and (b), Water column concentrations are dissolved. Symbols are data from Yang and Carlson [37], and Kim and Carlson [36,40]. Lines are model predictions. Model 1 includes tetracycline input from wastewater treatment plants (WWTPs) only. Model 2 includes tetracycline input from WWTPs and agriculture. Model 3 includes tetracycline input from WWTPs and agricultural, and decay. (c) Data from Pruden et al. [4] and Pei et al. [41] normalized to CSU#3 (Colorado State University Station 3) (65 km). Data are: HPC (heterotrophic plate count): mean CFUr/gSED (CFU = colony forming unit) for CTC (chlortetracycline), OTC (oxytetracycline) and MCC (meclocycline), p/a-PCR (presence/absence polymerase chain reaction): resistance genes frequency of detection, q-PCR (quantitative polymerase chain reaction): (tet(W) + tet(O))/16S rRNA (ribosomal RNA) gene copies. (d) Model-data comparison. Symbols are HPC data from Pei et al. [41]. Lines are model predictions. All three models are based on Model 3 (tetracycline input from WWTPs and agriculture, and decay) exploring three different scenarios for the presence of resistant bacteria in the Poudre River. Model 3A includes significant external input of resistant bacteria, but no growth. Model 3B includes negligible input of resistant bacteria, but the resistant bacteria grow due to the selection pressure of the antibiotic. Model 3C includes transfer of the resistance from the exogenous bacteria to the endogenous bacteria, and those grow. Distance is downstream from CSU#1 (see Figure 3).
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4.2. Tetracycline Resistance

The tretracycline resistance in the sediment bed was quantified by Pruden et al. [4] and Pei et al. [41] using three different methods, including heterotrophic plate counts (HPC; CTC, OTC and MCC), presence/absence polymerase chain reaction (p/a-PCR; tetB(P), tet(O), tet(S), tet(T) and tet(W)) and quantitative polymerase chain reaction (q-PCR; tet(O) and tet(W)) for various tetracycline resistance genes. The data, presented normalized to Station CSU#3 in Figure 4c, all show an increase in resistance at Ft. Collins. The HPC data decrease between Ft. Collins and Greeley and then increase again at Greeley. The q-PCR data remain relatively high and then slightly decrease at Greeley. The p/a-PCR data also remain relatively high but then increase slightly at Greeley. Note that HPC data are based on absolute densities (CFUr gSED−1, CFUr = colony forming unit, resistant). Normalized densities (CFUr/CFUt, CFUt = colony forming unit, total) show a relatively high fraction of resistant bacteria at the most upstream station (CSU#1), which is inconsistent with the other measures of resistance (p/a-PCR and q-PCR) and may be an outlier related to the very low total plate count [41]. The low number of tet genes at this site was subsequently confirmed by Storteboom et al. [42] using p/a-PCR.

Considering the common mode of action of the tetracycline antibiotics, all of these measures are applicable to the sum of tetracyclines, but none corresponds directly to the model state variable for resistant bacteria (XR). The HPC data quantify tetracycline resistant bacteria, but only among the culturable bacteria. The p/a-PCR data provides an indication of the diversity of resistance genes, and it is unclear how that can be compared to model results. The q-PCR data quantify the resistant bacteria that owe their resistance to either tet(O) or tet(W), which are common resistance genes, but there are many others [26,42]. Observed resistant fractions from q-PCR data are several orders of magnitude below those from HPC data (e.g., 10−6 ((tet(W) + tet(O))/16S rRNA) vs. 10−2 (CFUr/CFUt) at CSU#2), suggesting that the q-PCR data do not capture all of the resistant bacteria. The model-data comparison is based on the density of culturable resistant bacteria (CFUr gSED−1). This corresponds directly to the model state variable (XR, converted from mgC to cells as described above) if an estimate of the fraction of culturable bacteria is available. This fraction is calculated as the ratio of total culturable bacteria (CFUt gSED−1) [41] to total bacteria (assumed to be 5% of sediment organic matter, see SI Section S3.3). The resulting culturable fraction is 0.058%, which is within the range of estimates for aquatic and soil environments in the literature (0.0001–1%) [43]. The model output is scaled by this factor to yield the culturable density of resistant bacteria shown in Figure 4d.

Model 3A explores the scenario that the resistant bacteria are exogenous and do not grow (scenario A). For this simulation, the fraction of resistant bacteria from WWTP, AG and CAFO sources was assigned the max. of the literature range (fR = 70%, see SI), and bacteria are entirely associated with the particles (fp,X = 100%) and do not grow (α = 100%). This model clearly underpredicts the sediment bed resistance, suggesting that this scenario is not plausible (Figure 4d, red line). The input of resistant bacteria is not sufficient to explain their density observed in the sediment bed.

Model 3B explores the scenario that the resistant bacteria grow in the sediment bed (scenario B). For this simulation, the resistant bacteria in the inputs is assumed to be negligible (fR = 0.1%), only reasonable fraction is associated with particles (fp,X = 10%) and they have a small cost of carrying the resistance (α = 1%). The cost of resistance is not constrained by the literature data and it was adjusted to match the data. The resulting value is within the range of literature values. This model can reproduce the general observed pattern of tetracycline resistance in the Poudre River (Figure 4d, green line). It underpredicts the resistance at Ft. Collins, but that can be attributed to the underprediction of tetracyclines concentration at that location. The model only includes one bacteria species and therefore does not differentiate between exogenous and endogenous bacteria. A simulation with no input of (exogenous) resistant bacteria and a trace amount of (endogenous) resistant bacteria in the sediment bed at the beginning of the simulation produces the same results.

Model 3C explores the scenario that the exogenous resistant bacteria transfer their resistance to the endogenous bacteria, which then grow (scenario C). For this model, two types of bacteria (each with susceptible and resistant forms) are simulated (see SI for details). The max growth rate of the endogenous bacteria was increased to reflect its greater fitness in the aquatic environment. Input of resistant bacteria, association with particles and cost of carrying the resistance are as in Model 3B. Transfer and segregation rate constants (kC, kS) were calibrated within the range of literature values. The model predicts transfer of the resistance to the endogenous bacteria and their growth (Figure 4d, blue line).

Model 3A cannot and Models 3B and 3C can predict the observed density of resistant bacteria in the sediment bed. What can be learned or concluded from that? The number of calibrated parameters increases with model version (see Table S2 for summary), and from a model calibration perspective the better fit of Models 3B and 3C is not surprising. However, from a mechanistic perspective, the main difference between the models is the inclusion of growth of resistant bacteria. The model without this process cannot reproduce the observations, which leads to the conclusion that this mechanism is important. It is the nature of the process (not the number of processes or parameters) that constitutes the difference between the models, upon which the conclusion is based. Simply adding another process and associated calibration parameters (e.g., predation, quorum sensing) would not make Model 3A reproduce the observations. Models 3B and 3C match the data equally well, suggesting that both scenarios are plausible. Put another way, the model does not provide insight into whether the resistant bacteria are exogenous or endogenous.

Models 3B and 3C predict selection of the antibiotic resistant bacteria at porewater concentrations of about 0.5 μg·L−1 (Cd ≈ Cfd at these DOM concentrations, corresponding to 100 μg·kgS−1, Figure 4b). At first glance, it appears unlikely that these relatively low concentrations, or those observed in other aquatic systems (≤1 μg·L−1) [44] can significantly inhibit bacterial growth, given the much higher MIC (∼1.8 mg·L−1) [45]. What mechanisms lead to the selection of resistant bacteria at these low concentrations? One potential reason is that environmental bacteria are significantly more susceptible than clinical pathogens, but this is not supported by the literature (Table S6). Another possibility is co-selection of antibiotic resistant bacteria by other stresses (e.g., metals) [14]. The model does not include this mechanism and therefore provides no direct evidence on the importance of this process. However, the model can reproduce the observations without this mechanism, which suggests that it may not necessarily be significant. There are two factors that lead to the selection of resistant bacteria in the model. First, as outlined above, the lower DOM in the environment increases the bioavailability by a factor of about 100. As pointed out above, this is based on the assumption that the partitioning characteristics of growth media and natural organic matter or humic acids are the same. A diagnostic simulation based on the assumption that sorption to MIC test media is negligible (MICfd = MIC) cannot predict a significant density of resistant bacteria (Models 3B2 and 3C2, see Figure S4). Second, even at subinhibitory concentrations, the growth rate is reduced (see Equation 5). Unlike in laboratory, pure-culture MIC tests, bacteria in the environment are subject to competition, and small reductions in growth rate can lead to extinction by competitive exclusion (soft selection). Selection of tetracycline resistant bacteria at concentrations a factor of 10 below the MIC have been observed [46].

Several experiments have examined selection by tetracycline in the aquatic environment. In chemostats, Munoz-Aguayo et al. [10] observed selection at high (800 μg·L−1), but not low (8 μg·L−1) dosage, suggesting that 8 μg·L−1 does not exert selection pressure. However, that study included 10% growth media in the chemostat feed, which would have bound a lot of the antibiotic (90%, calculated as above). Knapp et al. [11] observed selection of tetracycline resistance genes in mesocosms with 20 μg·L−1, but not 5 μg·L−1. Nygaard et al. [9] observed selection in sediments with 50 mg·kg−1. The porewater concentration in these experiments is not known, but a reasonable estimate is 60 μg·L−1 (using log Kd,solid = 2.9, geometric mean of literature values, Table S3). These experiments are consistent with selection at concentrations significantly below the MIC, but they do not demonstrate it at the porewater concentration predicted for the Poudre River. More research is needed to increase our understanding of the effect of low levels of antibiotics on bacteria, and the role of the environmental conditions.

Two additional diagnostic simulations are performed to learn about tetracycline resistance in the Poudre River. A simulation with no DOM sorption suggest that this process is not significant (Figure S5), which is reasonable considering the low DOM-bound fraction at ambient DOM concentrations (see discussion above). A simulation was performed where the input of antibiotic was stopped. This simulation is meaningful in a management context, although it is overly optimistic as it assumes immediate compliance and neglects the dynamics of tetracyclines in the watershed soils. The model predicts reduction of sediment bed resistance with a half-life of 1.4 years (Figure S6). According to the model, the river sediments should respond relatively quickly to any changes in antibiotic input.




5. Outlook

Understanding of tetracycline resistance in the Poudre River would benefit from additional sampling. Specifically, the AG and CAFO concentrations should be constrained with site-specific data. Characterization of the water chemistry may improve the partitioning model, or allow for application of a more mechanistically detailed model [23]. Also, the sorption characteristics of growth media used in MIC experiments (which affects the MICfd parameter) need to be characterized. Modeling of individual tetracyclines is a natural next step. Bacteria species analysis to differentiate exogenous and endogenous strains (e.g., Enterobacteriaceae vs. Aeromonas spp.) [5] may help differentiate scenarios B and C. There is also a need to confirm the HPC estimate at the pristine location. Application of the model to another field site, with different characteristics, would help test the general applicability of the model.

There are several possible improvements or expansions of the model. The model was developed for tetracyclines, but many of the concepts are applicable or adaptable to other antibiotics. The action of the broad-spectrum bacteriostatic chloramphenicol could be modeled using the existing equations, whereas for the bactericidal kanamycin a first-order kill rate would have to be added. For chromosomally encoded resistance (e.g., gyrA mutation, ciprofloxacin), point mutation rather than horizontal gene transfer would need to be added. A mechanism that may be important in the environment, is co-selection by other antibiotics or metals, because the corresponding resistance genes are often located on the same plasmid [14], which could be added.

Those tasks outlined above should lead to improved understanding of antibiotic resistance in the environment. From a more basic science perspective, there is also an opportunity to use the model to explore gene ecology. So much more is known about tetracycline resistance than what is included in the model. This includes, for example, uptake and excretion (TetA mediated efflux) of tetracycline [47]. We are presently working on incorporating several of these mechanisms using the systems bioecology modeling approach [48].
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