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SUMMARY
A number of sophisticated modelling approaches are available to investigate potential
associations between antimicrobial use (AMU) and resistance (AMR) in animal health settings.
All have their advantages and disadvantages, making it unclear as to which model is most
appropriate. We used advanced regression modelling to investigate AMU-AMR associations in
faecal non-type-speciﬁc Escherichia coli (NTSEC) isolates recovered from 275 pens of feedlot
cattle. Ten modelling strategies were employed to investigate AMU associations with resistance
to chloramphenicol, ampicillin, sulﬁsoxazole, tetracycline and streptomycin. Goodness-of-ﬁt
statistics did not show a consistent advantage for any one model type. Three AMU-AMR
associations were signiﬁcant in all models. Recent parenteral tetracycline use increased the odds
of ﬁnding tetracycline-resistant NTSEC [odds ratios (OR) 1·1–3·2]; recent parenteral sulfonamide
use increased the odds of ﬁnding sulﬁsoxazole-resistant NTSEC (OR 1·4–2·5); and recent
parenteral macrolide use decreased the odds of recovering ampicillin-resistant NTSEC (OR
0·03–0·2). Other results varied markedly depending on the modelling approach, emphasizing the
importance of exploring and reporting multiple modelling methods based on a balanced
consideration of important factors such as study design, mathematical appropriateness, research
question and target audience.
Key words: Antimicrobial drugs, antimicrobial resistance in agricultural settings, Escherichia coli,
mathematical modelling, surveillance.
I N T RO D U C T I O N
Antimicrobial resistance (AMR) is a leading public
health concern, causing signiﬁcant morbidity and

mortality, and increased healthcare-related costs [1].
Antimicrobial use (AMU) in food animals has been
posited as a driver of AMR by national and
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international governing agencies [2]; however, studies
in this area have produced ambiguous results [3–7].
The signiﬁcance of AMU in animals on AMR outcomes in humans is difﬁcult to quantify [8–12].
Despite best efforts to address this knowledge gap,
substantial logistical challenges remain with respect
to designing and conducting commercial ﬁeld studies
to quantify associations between AMU and AMR in
food animals. Such challenges include uniquely identifying and tracking animals over time, maintaining and
accessing detailed health and antimicrobial drug
(AMD) exposure records for individual animals, and
obtaining biological samples longitudinally from a
sufﬁcient number of these uniquely identiﬁed animals.
Even large ﬁeld studies conducted in commercial
feedlots that have overcome these challenges have produced inconsistent results [5–7], including differences
in detecting associations between tetracycline use
and resistance in beef cattle feedlots [3, 4], and differences in the association between tetracycline resistance
and use of chlortetracycline and oxytetracycline in
swine [13]. One reason for such differential results
may stem from differences in laboratory and analytical methods. Potential bench-side differences include
the use of multiple resistance testing methods that
may produce different results [e.g. disk diffusion
(DD) vs. broth microdilution (BM)] [14], a lack of
host- and agent-speciﬁc breakpoints for interpretation
of resistance results, and debate as to which indicator
bacterial species best represent resistance dynamics in
food animals. Analytically, the datasets resulting from
large representative studies of AMU-AMR in commercial settings present several challenges including
accounting for multiple levels of non-independence
(i.e. clustering), accounting for time of sampling, validating quantiﬁcation of antimicrobial drug exposures,
accounting for AMU exposures that occurred prior to
feedlot entry, and classifying resistance outcomes
when there are many isolates within a sample, and
one can use multiple testing methods for resistance
characterization.
This report is part of a larger study that aimed to
overcome many of these obstacles with the goal of
developing a longitudinal AMR surveillance system
for use in beef feedlot cattle [15]. The purpose of
this investigation was to estimate resistance prevalence
in isolates of non-type-speciﬁc E. coli (NTSEC) recovered from faeces of beef feedlot cattle, to model associations between AMU and AMR in these isolates
using various modelling strategies, and to compare
these strategies in order to understand how they may

differentially impact measures of association between
AMU and AMR.
M AT E R I A L S A N D ME T H O D S
Study overview
Pens of cattle (N = 300) in four feedlots in Alberta,
Canada were enrolled in the study and composite
pen-ﬂoor faecal samples were collected at the beginning of the feeding period, and at least once again during the remainder of the feeding period. Samples were
cultured for NTSEC and isolates were susceptibility
tested using BM and DD. Antimicrobial exposures
for all cattle in enrolled pens were tracked throughout
the study period. The prevalence of recovery of AMR
NTSEC was estimated, various methods of multivariable logistic regression were used to investigate
associations between AMU and AMR in NTSEC isolates, and model results were compared.
Sample collection
Bacterial isolates were collected as part of a project
intended to develop and evaluate methods for surveillance of AMR in beef feedlot cattle, the details of
which have been reported elsewhere [15]. Sample collection ran from September 2007 to January 2010,
during which time feedlot collaborators enrolled
30% of all arriving pens using a randomization
table. Pens were sampled when ﬁlled to capacity,
and at least once again later during the feeding period.
Twenty fresh faecal samples of ∼14 g each were collected in a standard spatial pattern from each pen
ﬂoor and then mixed together for 1 min, and 10 g
was removed for further processing. All cattle handling and sampling procedures were approved by the
Animal Care Committee of Feedlot Health Management Services Ltd (FHMS) and the Institutional
Animal Care and Use Committee of Colorado State
University.
Susceptibility testing
Faecal samples were cultured for NTSEC, and up to
ﬁve isolates from each sample were selected for susceptibility testing, which was performed using both
automated DD (BioMIC, (Giles Scientiﬁc USA))
and BM (Sensititre, Thermo Fisher Scientiﬁc, USA,
panel type: CMV1AGNF). The antimicrobial panels
differed between the two test methods, as they were
selected independently for surveillance purposes. An
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Table 1. Antimicrobial drugs used in this population
AMD and dosage
Parenteral
Ceftiofur sodium, 1 mg/kg BW
Ceftiofur crystalline free acid, 6·6 mg/kg BW
Ceftiofur hydrochlorid,e 1·1 mg/kg BW
Enroﬂoxacin, 7·7 mg/kg BW
Florfenicol, 40 mg/kg BW
Florfenicol, 40 mg/kg BW and ﬂunixin meglumine, 2·2 mg/kg BW
Oxytetracycline
10 mg/kg BW
20 mg/kg BW
30 mg/kg BW
Tilmicosin, 10 mg/kg BW
Trimethoprim and sulfadoxine, 16 mg/kg BW
Tulathromycin, 2·5 mg/kg BW
Tylosin tartrate, 29 mg
In-feed
Chlortetracycline
35 mg/kg diet dry matter
1 g/head per day
3 g/head per day
6 g/head per day
Tylosin phosphate, 11 mg/kg diet dry matter

Primary reason for use

Class

ADD

BRD treatment
BRD treatment
BRD treatment
Relapse BRD treatment
BRD treatment
BRD treatment

Beta lactam
Beta lactam
Beta lactam
Quinolone
Phenicol
Phenicol

1
3
1
3
3
3

BRD prevention/treatment
BRD prevention/treatment
BRD prevention/treatment
BRD prevention/treatment
BRD treatment
BRD prevention/treatment
Implant site abscess prevention

Tetracycline
Tetracycline
Tetracycline
Macrolide
Sulfonamide
Macrolide
Macrolide

1
2
3
3
1
3
1/275

Liver abscess prevention
Histophilosis prevention/
treatment
Histophilosis prevention/
treatment
Histophilosis prevention/
treatment
Liver abscess prevention

Tetracycline
Tetracycline

1/18*
1/6

Tetracycline

1/2

Tetracycline

1

Macrolide

1/80*

AMD, Antimicrobial drug; ADD, animal deﬁned daily dose; BW, body weight; BRD, bovine respiratory disease.
* Assuming 9 kg of dry matter intake per individual animal per day.

automated visual imaging system recorded zone diameter from DD tests, while laboratory personnel
recorded the minimum inhibitory concentration
(MIC) from BM tests. All susceptibility testing was
conducted in accordance with standards established
by the Clinical Laboratory Standards Institute
[16–20]. Details about quality control assessments
and interpretive criteria have been previously described in detail [15].
Antimicrobial use data
Feedlot personnel used a chute-side, customized
health information system (iFHMS software,
Feedlot Health Management Services, Canada) to
record all parenteral and in-feed AMD treatments
for all cattle in enrolled pens from the day of arrival
until the day that the last sample was collected
(Table 1). Records were subsequently exported for
analyses, and included individual animal and pen
identiﬁcation, AMD type, dosage, and route and
date(s) of administration. For analysis, antimicrobial
doses were converted to units of animal deﬁned

daily dose (ADD), a metric that deﬁnes the number
of days that a single dose remains in the recipient’s target tissue(s) based on labelling claims for therapeutic
use in treatment of respiratory disease, and therefore
approximates ‘exposure days’ for one standard treatment [21]. This standardization enables comparison
of AMD exposures across varying sizes of cattle
with varying antimicrobial dosages. To aggregate
AMD exposures at the group (pen) level, each treatment was converted to ADDs, multiplied by both
the number of animals exposed and the duration of
treatment (in days), and then summed by AMD
class (β-lactams, phenicols, quinolones, sulfonamides,
tetracyclines and macrolides). The AMD categories
were further subdivided into the route of administration as being in-feed or parenteral.
Multivariable modelling to estimate adjusted
prevalence of resistance
Adjusted prevalence of resistance in individual isolates
was estimated from marginal (adjusted) means obtained
from Poisson regression modelling. Estimates were
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Table 2. Model speciﬁcations for all 10 models used to analyse associations between AMU and AMR in NTSEC
isolates
Model

Modelling
technique

Test results included
in analysis

Clusters accounted
for in analysis

Quantiﬁcation of
days-on-feed

Quantiﬁcation of
AMD exposures

A
B
C

GEE
GEE
GEE/ALR

BM
BM
BM & DD

Categorical
Continuous
Categorical

Continuous
Continuous
Continuous

D

GEE/ALR

BM & DD

Continuous

Continuous

E
F
G
H

GEE
GLMM
GLMM
GLMM

BM
BM
BM
BM & DD

Continuous
Continuous
Continuous
Continuous

Categorical
Categorical
Categorical
Categorical

I
J

GLMM
GLMM

BM
BM & DD

Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple
Multiple

Continuous
Continuous

Continuous
Continuous

isolates per sample
isolates per sample
tests per isolate
isolates per sample
tests per isolate
isolates per sample
isolates per sample
samples per pen
isolates per sample
tests per isolate
isolates per sample
samples per pen
isolates per sample
tests per isolate
isolates per sample
samples per pen

AMU, Antimicrobial use; AMR, antimicrobial resistance; NTSEC, non-type-speciﬁc Escherichia coli; AMD, antimicrobial
drug; GEE, generalized estimating equations; GEE/ALR, generalized estimating equations with alternating logistic regression; GLMM, generalized linear mixed modelling; BM, broth microdilution; DD, disk diffusion.

stratiﬁed by the number of days that cattle had been in
the feedlot when faecal samples were collected: 0–3
days-on-feed (DOF), 4–70, 71–120, 121–180, and
>180 DOF. This enabled us to adjust resistance prevalence relative to DOF, and to determine if DOF was a
statistically signiﬁcant predictor of AMR levels.
Cut-offs for DOF categorization were chosen based
on the likelihood of disease occurrence and therefore
AMU at different phases of the feeding period, as
well as the distribution of collected samples.
Generalized estimating equations (GEE) with an
exchangeable correlation structure were used to control
for clustering of isolates within samples. For isolates
that were susceptibility tested using both BM and DD
(repeated measures), we included only BM results in
order to meet the assumption of independence between
observations. Pen size and feedlot could potentially confound resistance prevalence, and thus were included as
ﬁxed effects.
Multivariable modelling to test for associations between
use and resistance
A variety of multivariable modelling techniques were
used to analyse potential associations between AMU
and AMR in NTSEC isolates. The primary outcome
of interest in all models was the antimicrobial

susceptibility status of NTSEC isolates, deﬁned
dichotomously as either resistant or non-resistant,
the latter of which included intermediate and susceptible classiﬁcations. In order to maintain temporal logic
for associations between AMU and AMR, only
AMDs given prior to sample collection were included
in these analyses, and therefore only isolates recovered
from non-arrival samples were interrogated. Resistance status for each of the 19 AMDs included on
the test panels was evaluated in parallel in separate
models.
The primary independent variables of interest were
exposures to AMDs, which were categorized and
summed as described above. Despite the inherently
continuous nature of pen-level AMD data, classspeciﬁc distributions for AMDs were strongly rightskewed and zero-inﬂated. We attempted to assess
linearity using quadratic terms for AMD exposures,
as well as by modelling deciles and quintiles of
AMD exposures in order to compare parameter estimates with the logit of the resistance outcome.
However, these models either would not converge or
the Hessian matrix was not positive deﬁnite, and linearity could not be formally assessed. Therefore, AMD
exposures were modelled as both continuous and categorical variables and model results were compared
(Table 2). For categorization, parenteral AMD
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exposures were dichotomized (‘no exposure’ vs. ‘any
exposure’), while in-feed exposures were categorized
into four levels: no exposure, low exposure (<25th percentile), medium exposure (25th–89th percentiles) and
high exposure (590th percentile). To investigate the
impact of temporality on the association between
AMD exposures and AMR, we grouped AMD exposures based on the time of sample collection as either
recent or non-recent, i.e. AMDs administered 46
days prior to sample collection and those administered
57 days prior to sample collection.
Two variables were included in all models as potential confounders: number of animals housed in the pen
from which the composite faecal sample was obtained
(‘pen size’) and DOF. Pen size was modelled as a
ﬁve-level ordinal variable due to nonlinearity with
the logit of the outcome (<101, 101–200, 201–300,
301–400, and >400 animals). The DOF variable
exhibited a linear relationship with the logit of the outcome and was modeled as both a continuous and an
ordinal variable (0–3, 4–70, 71–120, 121–180, and
>180 DOF) for comparison purposes.
Population and study design factors created numerous issues related to data hierarchy, clustering and
repeated measures. Resistance outcomes could be
clustered within feedlot (n = 4 feedlots), within pens
(n = 275 pens), and within samples, as multiple isolates were collected from each sample (n = 564 samples). In addition, repeated measures were present at
two levels: ﬁrst, pens were sampled multiple times
throughout the feeding period; and second, a subset
of NTSEC isolates were tested by two different resistance testing methods.
Because there are a number of equally valid modelling approaches to analyze such data, we used and
compared a variety of methods. In all model types,
feedlot was included as a categorical ﬁxed effect due
to the small number of feedlots and the fact that
none of the model predictors were considered to be
feedlot-level effects. GEE with alternating logistic
regression (ALR) was used to account for clustering
of isolates within samples as well as repeat susceptibility testing on some isolates [22]. For these models,
sample identiﬁcation number was speciﬁed as the
repeated subject with an exchangeable correlation
structure and susceptibility testing method was speciﬁed as the subcluster with a 1-nested log odds ratio
structure. When data sparseness did not support
GEE with ALR modelling (i.e. the correlation matrix
was not positive deﬁnite or parameter estimates were
unrealistically large), GEE without ALR was used,
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and only BM results were analysed to avoid issues
of non-independence. Finally, generalized linear
mixed modelling (GLMM) with random effects and
Laplace estimation [23] was used to control for multiple levels of clustering. When model convergence was
achieved, isolates, samples and pens were speciﬁed as
random effects. When convergence could not be
attained on all three levels of clustering, only susceptibility results from BM were used in the analysis and
separate models specifying pens and samples as random effects were compared. To facilitate comparison
of model results, subject-speciﬁc (SS) parameter estimates from GLMM models were converted to
population-averaged (PA) parameter estimates using
the equation [24]:
βSS
βPA ≈  .
1 + 0.346σ 2h
The modelling decisions made at the outset of this
analysis, combined with the limitations imposed by
model convergence and stability, yielded 10 permutations of modelling methods (models A–J) (Table 2).
These included various combinations of model type
(GEE with ALR vs. GEE vs. GLMM), clustering speciﬁcation, and methods for quantiﬁcation of DOF and
AMD exposures (continuous vs. categorical).
The same approach to model development was used
for all 10 modelling methods (A–J). First, univariable
screening models were used to analyse associations
between each class of AMD exposure (n = 8) and
every resistance outcome (n = 19 AMDs for models
using both BM and DD, and n = 15 AMDs for models
using only BM results). The AMD exposures were
split into recent and non-recent exposures as described
above. Each screening model included ﬁxed-effect
variables for feedlot, DOF, and pen size. The AMD
exposure variables with a P value 40·20 for either
recent or non-recent exposures were included in the
initial candidate multivariable model. Backward elimination was used to reﬁne multivariable models using
a critical alpha for retention of 0·05 with recent and
non-recent AMD exposures considered independently. Variables exhibiting confounding upon stepwise removal (deﬁned as >20% change in any
parameter estimate) were added back to the model.
Once all variables met the critical alpha value, confounding was reassessed and variables were removed
if confounding was no longer present.
Models for each resistance outcome were assessed
independently using each of the modelling methods
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Table 3. Results of modelling process for all antimicrobial resistance outcomes
Model
Resistance outcome

A

B

C

D

E

F

G

H

I

J

Amikacin
Ampicillin
Amoxicillin-clavulanate
Cefoxitin
Ceftazidine
Ceftiofur
Ceftriaxone
Chloramphenicol
Ciproﬂoxacin
Enroﬂoxacin
Florfenicol
Gentamicin
Kanamycin
Nalidixic acid
Neomycin
Streptomycin
Sulﬁsoxazole
Tetracycline
Trimethoprim-sulfamethoxazole

–
✓
–
–
–
–
–
✓
–
–
–
–
–
–
–
✓*
✓
✓
–

–
✓
–
–
–
–
–
✓
–
–
–
–
–
–
–
✓
✓
✓
–

n/n†
–
–
n/n†
n/n†
–
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
✓*
✓
✓
–

n/n†
–
–
n/n†
n/n†
–
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
✓
✓
✓
–

–
✓
–
–
–
–
–
✓
–
–
–
–
–
–
–
✓
✓
✓
–

–
✓
–
–
–
–
–
✓
–
–
–
–
–
–
–
✓
✓
n/n‡
–

–
✓
–
–
–
–
–
✓
–
–
–
–
–
–
–
✓
✓
n/n‡
–

n/n†
–
–
n/n†
n/n†
–
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
–
–
✓
–

–
✓
–
–
–
–
–
✓
–
–
–
–
–
–
–
✓
✓
n/n‡
–

n/n†
–
–
n/n†
n/n†
–
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
n/n†
–
–
✓
–

✓ Model converged and results are presented.
✓* Model converged, but no results are presented because no antimicrobial drug exposures were statistically signiﬁcant in ﬁnal
model.
– Model would not converge.
‡ Model not needed because models with random effects at all levels did converge.
† Model not needed because resistance was only tested with one susceptibility test (i.e. no repeated measures on isolates).

(A–J), resulting in development of 139 different multivariable models (Tables 2 and 3). Model ﬁt was evaluated using Akaike’s Information Criterion (AIC) for
GLMM models, and Quasi-Information Criterion
(QIC) for GEE models.

R E S ULTS
A total of 300 pens were sampled at least once.
Twenty-ﬁve pens were excluded from analysis due to
missing exposure or resistance information, resulting
in 275 pens for use in multivariable analyses that ranged in size from 27 to 555 head (median 168). Of these
275 pens, 23% (64/275) were sampled once during the
feeding period, 48% (132/275) twice, and 29% (79/275)
three times, resulting in collection of 564 composite
faecal samples, from which a total of 2911 NTSEC
isolates were cultured. Almost all isolates were tested
using BM (2903/2911), while 41% (1192/2911) were
tested by DD, for a total of 4095 susceptibility test
results for analysis. Of the 564 composite faecal samples, 40% (226/564) were collected between 0 and 3

DOF, another 39% (214/564) between 4 and 120
DOF, and 22% (124/564) later in the feeding period
(median 152 DOF, range 121–244 DOF).
Prevalence of resistance to most AMDs was too low
for valid estimation of least-square means for adjusted
prevalence estimates (Table 4). Only six of the 19 resistances tested attained crude prevalence >2%, namely
ampicillin, chloramphenicol, streptomycin, sulﬁsoxazole, tetracycline and ﬂorfenciol (Fig. 1). DOF was
signiﬁcantly associated with resistance levels for all
modelled AMDs except ampicillin (Fig. 1).

Antimicrobial drug use
The most commonly used AMD was in-feed tetracycline, which was administered to all pens of cattle in
this study population; however, because some of the
pens were only sampled at arrival, and not again
later in the feeding period, only 83% of pens were
exposed prior to collection of the ‘last’ sample
(Table 5). Pen-level prevalence of exposure to many
parenterally administered AMD classes was <50%
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Table 4. Crude prevalence of antimicrobial resistance in
NTSEC isolates (for antimicrobials with prevalence
that would not support multivariable modelling of
adjusted prevalence of estimates)*

Resistance phenotype

No. of
resistant
Isolates

% (95% CI)||

Amikacin†
Amoxicillin-clavulanate‡
Cefoxitin†
Ceftazidime§
Ceftiofur†
Ceftriaxone†
Ciproﬂoxacin†
Enroﬂoxacin§
Gentamicin‡
Kanamycin†
Nalidixic acid†
Neomycin§
Trimethoprim-sulfadioxine‡

0
10
4
1
9
3
0
2
5
31
41
7
73

0·0
0·3
0·2
0·3
0·3
0·1
0·0
0·3
0·2
1·1
1·5
0·8
1·8

(0·0–0·0)
(0·1–0·5)
(0·0–0·4)
(0·0–0·5)
(0·1–0·4)
(0·0–0·3)
(0·0–0·0)
(0·0–0·7)
(0·1–0·4)
(0·8–1·5)
(1·0–1·9)
(0·3–1·2)
(1·4–2·2)

NTSEC, Non-type-speciﬁc Escherichia coli; CI, conﬁdence
interval.
* Adjusted prevalence of resistance for other drugs can be
found in Figure 1.
† Tested by broth microdilution only (n = 2903).
‡ Tested by broth microdilution and disk diffusion (n =
4095).
§ Tested by disk diffusion only (n = 1192).
|| Adjusted CI for binomial proportions (adding two successes and two failures) were estimated as previously
described [25].

(Table 5), and even in exposed pens, distribution of
AMD exposures had a strong right skew because
most pens contained only one or two exposed animals,
while a handful of pens received pen-wide metaphylactic treatment. Over 96% of all AMD exposures
occurred 57 days prior to sample collection and
were classiﬁed as ‘non-recent’. This was consistent
across all AMD classes with the exception of in-feed
macrolides, of which 31·3% of ADDs were classiﬁed
as ‘recent’, i.e. administered 46 days with respect to
sample collection. This disparity stems from the
AMD protocols utilized in the four study feedlots.

Results of multivariable modelling
For AMDs with resistance prevalence sufﬁcient to
support multivariable modelling (Table 3) we found
several statistically signiﬁcant associations between
AMU and AMR. However, most of these associations
were not consistent between different model speciﬁcations. Details of comparisons are given below.
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Effect of quantifying AMD exposures as continuous vs.
categorical variables
The quantiﬁcation of AMD exposures as continuous
or categorical variables exerted the strongest inﬂuence
over model results, best illustrated in the results for
chloramphenicol resistance (Table 6). When AMD
exposures were quantiﬁed as continuous variables
(models A, B and I), only non-recent parenteral
macrolide exposures were signiﬁcantly associated
with an increase in the odds of isolating chloramphenicol-resistant NTSEC. However, this association was not seen when modelling the AMD
exposures as categorical variables (models F and G),
and instead there was a positive association with nonrecent in-feed tetracycline and parenteral quinolone
exposures, as well as a negative association with recent
parenteral quinolone exposures. Quantiﬁcation of
AMD exposures produced a similar effect when modelling streptomycin resistance, as models in which
exposures were treated continuously contained a different signiﬁcant association than models in which
exposures were treated categorically (Table 7), models
B, D and I vs. E, F and G, respectively.

Effects of different modelling strategies
While GEE, GEE/ALR and GLMM are all valid
methods for regression modelling of clustered data,
our results show that choice of modelling strategy
can result in substantial differences with respect to
which subset of AMD exposures exhibit signiﬁcant
association with resistance outcomes, as seen in the
case of ampicillin resistance (Table 8). Models A
and B indicate that recent parenteral exposures to
macrolides, recent in-feed exposures to tetracyclines
and recent in-feed exposures to macrolides were associated with decreased odds of recovering ampicillinresistant NTSEC, while non-recent exposures to
in-feed tetracycline were associated with increased
odds. However, model I suggests that only the association between recent parenteral macrolide exposures
and ampicillin resistance was statistically signiﬁcant.
The only difference between these models was that
models A and B used GEE for clustered data, while
model I used GLMM.

Effects of clustering
In a few instances, the hierarchical level of nonindependence accounted for in model speciﬁcations

Downloaded from https://www.cambridge.org/core. IP address: 3.228.21.186, on 18 Oct 2019 at 12:26:23, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0950268815002423

1320

N. R. Noyes and others

Fig. 1. Adjusted prevalence of resistance in non-type-speciﬁc Escherichia coli isolates for six antimicrobial drugs (AMDs)
(adjusted for days-on-feed at sample collection, as well as pen size and feedlot). Clustering of isolates within samples was
controlled for using multivariable generalized estimating equations with a Poisson distribution. * Indicates AMDs for
which there were statistically signiﬁcant (P < 0·05) differences in resistance prevalence by days-on-feed (DOF).

Table 5. Total pen-level exposure to AMDs, by class

AMD class
Parenteral
β-lactam
Parenteral
quinolone
Parenteral
phenicol
Parenteral
macrolide
Parenteral
sulfonamide
Parenteral
tetracycline
In-feed
tetracycline
In-feed
macrolide

No. (%) of pens
exposed prior to
collection of last
composite faecal
sample

Median
(interquartile range)
pen-level ADDs
upon collection of
last composite faecal
sample*

164 (60)

9 (4–17)

77 (28)

6 (3–12)

55 (20)

3 (3–12)

141 (51)

21 (6–57)

116 (62)

4 (3–9)

153 (56)

46 (8–418)

229 (83)

1002 (615–2042)

96 (35)

17 (9–32)

AMD, Antimicrobial drug; ADD, animal deﬁned daily
dose.
* Among pens receiving at least 1 ADD of AMD prior to
collection of last composite faecal sample.

exerted a strong inﬂuence on model results, for example in the results of models F and G for sulﬁsoxazole
resistance (Table 9). These models were identical
except that model F included a random effect at the
pen level and model G at the sample level. This
change resulted in vastly different ﬁnal multivariable
models, with model G showing only one signiﬁcant
association between AMD exposure and sulﬁsoxazole
resistance, and model F showing four signiﬁcant
associations.

Effect of modelling DOF as a categorical vs.
continuous variable
It is often considered best practice to model inherently
continuous data as continuous [26]. However, this
may not be possible due to violation of the assumption
of linearity, or categorization may be preferred in
order to interpret model results in context of realworld practices [27]. We modelled DOF as both a continuous and categorical variable and found that this
difference, while less impactful than other modelling
decisions, can substantially change model results
(Table 10). Models A and B for tetracycline resistance
are speciﬁed identically except DOF is categorical in

Downloaded from https://www.cambridge.org/core. IP address: 3.228.21.186, on 18 Oct 2019 at 12:26:23, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0950268815002423

Models in which AMD exposures were treated as
continuous variables
Variable

Model A*

Model B*

Model I

Recent‡ parenteral quinolone exposure

–||

–||

–||

Non-recent§ parenteral quinolone exposure

Non-recent§ parenteral macrolide exposure
Non-recent§ in-feed tetracycline exposure

–||

1·04 (1·02–1·06)
–||

–||

1·03 (1·01–1·06)
–||

Models in which AMD exposures were
treated as categorical variables
Exposure category

Model F†

Model G†

Unexposed
Exposed

Ref.
0·16 (0·02–0·52)

Ref.
0·22 (0·00–0·79)

Unexposed
Exposed

Ref.
2·34 (1·49–6·18)
–||

Ref.
1·97 (1·17–10·46)
–||

Unexposed
Low
Medium
High

Ref.
1·18 (0·69–2·67)
2·03 (1·36–9·92)
3·80 (2·71–50·51)

Ref.
1·29 (0·53–4·87)
2·48 (1·04–27·3)
6·66 (2·95–366)

–||

1·07 (1·04–1·09)
–||

AMD, Antimicrobial drug; Ref., reference category.
* OR and 95% CI represent the change in odds of resistance for a median increase in animal deﬁned daily dose for the pertinent exposure.
† OR and 95% CI have been converted from a subject-speciﬁc to a population-averaged estimate.
‡ Recent exposures are those that occurred 46 days prior to sample collection.
§ Non-recent exposures are those than occurred 57 days prior to sample collection.
|| Variable was not signiﬁcant in the ﬁnal multivariable model, and therefore results are not shown.
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Models in which AMD exposures were treated as
continuous variables
Variable

Model B*

Recent‡ in-feed tetracycline exposure
1·04 (1·02–1·07)
Non-recent§ in-feed tetracycline exposure –||

Model D*

Model I*†

1·03 (1·02–1·07)
–||

1·05 (1·00–1·09)
–||

Models in which AMD exposures were treated as
categorical variables
Exposure category

Model E

Model F†

Model G†

–||
–||

–||

–||
–||

Unexposed
Low
Medium
High
Non-recent§ in-feed macrolide exposure

–||

–||

Ref.
1·48 (1·09–2·14)
1·85 (1·20–3·12)
2·46 (1·26–5·45)

–||
Unexposed
Low
Medium
High

Ref.
1·55 (0·88–2·72)
0·66 (0·43–1·02)
2·37 (1·06–5·32)

Ref.
1·59 (0·99–2·71)
0·70 (0·43–1·07)
2·29 (1·12–5·27)

AMD, Antimicrobial drug; Ref., reference category.
* OR and 95% CI represent the change in odds of resistance for a median increase in animal deﬁned daily dose for the pertinent exposure.
† OR and 95% CI have been converted from a subject-speciﬁc to a population-averaged estimate.
‡ Recent exposures are those that occurred 46 days prior to sample collection.
§ Non-recent exposures are those than occurred 57 days prior to sample collection.
|| Predictor was not signiﬁcant in the ﬁnal multivariable model, and therefore results are not shown.

Ref.
1·47 (0·80–2·87)
0·57 (0·32–0·93)
2·17 (0·83–6·30)
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Table 7. Comparison of multivariable model results [population-averaged odds ratios (OR) and 95% conﬁdence intervals (CI)] for the outcome of
streptomycin resistance

0·53 (0·29–0·94)
1·30 (1·09–1·55)
0·40 (0·21–0·75)
Recent‡ in-feed tetracycline exposures
Non-recent§ in-feed tetracycline exposures
Recent‡ in-feed macrolide exposures

0·75 (0·54–1·04)
1·30 (1·09–1·42)
0·59 (0·36–0·97)

–||
–||
–||

Unexposed
Exposed
0·03 (0·00–1·15)
0·05 (0·00–0·70)
Recent‡ parenteral macrolide exposures

0·06 (0·00–0·74)

Model I*†
Model B*
Model A*
Predictor

AMD, Antimicrobial drug; Ref., reference category.
* OR and 95% CI represent the change in odds of resistance for a median increase in animal deﬁned daily dose for the pertinent exposure.
† OR and 95% CI have been converted from a subject-speciﬁc to a population-averaged estimate.
‡ Recent exposures are those that occurred 46 days prior to sample collection.
§ Non-recent exposures are those than occurred 57 days prior to sample collection.
|| Predictor was not signiﬁcant in the ﬁnal multivariable model, and therefore results are not shown.

Ref.
0·11 (0·02–0·72)
–||
–||
–||
Ref.
0·18 (0·05–0·65)
–||
–||
–||

Model E

Ref.
0·12 (0·03–0·48)
–||
–||
–||

Model G†

Model comparisons

Model F†

1323

model A and continuous in model B. Model A identiﬁed only one statistically signiﬁcant association
between AMD exposures and resistance, while
model B identiﬁed four (Table 10).

Exposure category

Models in which AMD exposures were treated as
categorical variables
Models in which AMD exposures were treated as
continuous variables

Table 8. Comparison of multivariable model results [population-averaged odds ratios (OR) and 95% conﬁdence intervals (CI)] for the outcome of ampicillin
resistance

Analysing antimicrobial use and resistance

Despite large variability in models results, three
AMU-AMR relationships were detected in all models.
Recent exposures to parenteral tetracycline and sulfonamide were positively associated with odds of isolating NTSEC resistant to tetracycline and sulﬁsoxazole,
respectively (Tables 9 and 10), while recent parenteral
macrolide exposures were associated with decreased
odds of ampicillin-resistant NTSEC (Table 8).
The point estimates for odds ratios for tetracycline
resistance with respect to the median increase of recent
parenteral tetracycline exposures ranged from 1·12
to 1·19 for models in which exposures were modeled
as continuous variables, and from to 3·12 to 3·23
for models in which exposures were categorized
(Table 10). Different model types (GEE/ALR, GEE,
or GLMM) produced very similar odds ratios if the
method for quantifying AMD exposures was the
same (models A–D and J, respectively), despite the
fact that only BM test results were used in GEE models and BM and DD susceptibility test results were
used in GEE/ALR and GLMM models. Similar patterns emerged from model results for the association
between recent parenteral sulfonamide exposure and
resistance to sulﬁsoxazole (Table 9).
Results differ somewhat for the association between
recent parenteral macrolide exposure and ampicillin
resistance (Table 8). Across all models, recent parenteral macrolide administration demonstrated a negative association with ampicillin resistance, with the
magnitude of this effect strongest in GEE models in
which macrolide exposures were quantiﬁed as a continuous variable (models A, B and I).
Model ﬁt statistics were not useful in identifying an
optimal modelling strategy across all resistance outcomes, as no single model type consistently exhibited
better goodness-of-ﬁt (Table 11). In GEE models,
model E – in which AMD exposures were categorized –
had the lowest QIC for three of ﬁve resistances analysed, suggesting that categorization improved model
ﬁt. However, in GLMM models, treatment of AMD
exposures as a continuous variable (i.e. model I)
resulted in the lowest AIC for three of ﬁve resistances
analysed. Interestingly, model G consistently exhibited
lower AIC than model F, suggesting that all else being
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Predictor

Model A*

Model B*

Model C*

Model D*

Model I*†

Recent‡
parenteral
sulfonamide
exposures
Recent‡
parenteral
quinolone
exposures
Non-recent§
parenteral
quinolone
exposures
Recent‡ in-feed
tetracycline
exposures

1·45
(1·19–1·76)

1·50
(1·21–1·85)

1·38
(0·59–0·88)

1·44
(1·20–1·73)

1·52
(1·03–2·26)

Exposure
category

–||

–||

–||

1·37
(1·05–1·78)

0·90
(0·81–1·01)

–||

–||

–||

–||

–||

–||

–||

–||

–||
Unexposed
Low
Medium
High

Recent‡ in-feed
macrolide
exposures

–||

Non-recent§
in-feed
macrolide
exposures

–||

–||

–||

–||

–||

–||

Model G†

–||

Ref.
2·54 (1·53–4·20)
–||

Ref.
2·36 (1·18–4·71)
–||

Ref.
2·31 (1·0–8·3)
–||

–||

–||

–||

–||
Ref.
0·61 (0·41–0·90)
0·59 (0·37–0·94)
0·75 (0·37–1·51)
–||

Ref.
0·54(0·38–0·77)
0·56 (0·36–0·86)
0·78 (0·40–1·51)

Unexposed
Low
Medium
High
–||

Model F†

3
Unexposed
Exposed

–||

Model E†

–||

–||
Ref.
1·14 (0·61–2·13)
0·49 (0·26–0·90)
0·26 (0·07–0·91)

–||

–||
Unexposed
Low

Ref.
1·63 (0·79–3·37)

Ref.
1·86 (0·95–3·65)

Medium
High

1·04 (0·58–1·87)
3·79 (1·02–14·02)

1·13 (0·68–1·88)
3·61 (1·32–9·83)

AMD, Antimicrobial drug; Ref., reference category.
* OR and 95% CI represent the change in odds of resistance for a median increase in animal deﬁned daily dose for the pertinent exposure.
† OR and 95% CI have been converted from a subject-speciﬁc to a population-averaged estimate.
‡ Recent exposures are those that occurred 46 days prior to sample collection.
§ Non-recent exposures are those than occurred 57 days prior to sample collection.
|| Predictor was not signiﬁcant in the ﬁnal multivariable model, and therefore results are not shown.

N. R. Noyes and others

Models in which AMD exposures were treated as
categorical variables

Models in which AMD exposures were treated as continuous variables
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Table 9. Comparison of multivariable model results [population-averaged odds ratios (OR) and 95% conﬁdence intervals (CI)] for the outcome of
sulﬁsoxazole resistance

Models in which AMD exposures
were treated as categorical variables

Models in which AMD exposures were treated as continuous variables
Predictor

Model A*

Model B*

Model C*

Model D*

Model J*†

Recent‡ parenteral
tetracycline exposures

1·14
(1·01–1·29)

1·19
(1·06–1·35)

1·12
(1·02–1·24)

1·16
(1·05–1·29)

1·14
(1·02–1·27)

Exposures
category

Unexposed
Exposed
Non-recent§ parenteral
tetracycline exposures
Non-recent§ parenteral
sulfonamide exposures
Non-recent§ parenteral
quinolone exposures
Recent‡ parenteral
phenicol exposures

–||
–||

1·03
(1·00–1·07)
–||

–||
–||

1·03
(1·00–1·07)
–||

1·04
(1·00–1·07)
–||

Model H†

Ref.
3·12 (1·94–5·02)
–||

Ref.
3·23 (1·99–5·25)
–||

–||
Unexposed
Exposed

–||
–||

0·86
(0·75–0·99)
–||

0·87
(0·76–1·00)
2·99
(1·34–6·65)

0·85
(0·74–0·98)
3·55
(1·50–8·38)

–||

0·83
(0·71–0·97)
–||

–||
–||

1·13
(1·00–1·28)
–||

–||

–||

–||

–||

Ref.
1·53 (1·12–2·12)
–||
–||

Unexposed
Exposed
Non-recent§ parenteral
phenicol exposures
Non-recent in-feed
tetracycline exposures

Model E†

1·13
(1·00–1·27)
–||

Ref.
2·78 (1·20–6·41)
–||

–||
–||

Unexposed
Low
Medium
High

Ref.
1·85 (1·20–2·85)
1·81 (1·01–3·25)
1·48 (0·56–3·91)

AMD, Antimicrobial drug; Ref., reference category.
* OR and 95% CI represent the change in odds of resistance for a median increase in animal deﬁned daily dose for the pertinent exposure.
† OR and 95% CI have been converted from a subject-speciﬁc to a population-averaged estimate.
‡ Recent exposures are those that occurred 46 days prior to sample collection.
§ Non-recent exposures are those than occurred 57 days prior to sample collection.
|| Predictor was not signiﬁcant in the ﬁnal multivariable model, and therefore results are not shown.
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Table 10. Comparison of multivariable model results [population-averaged odds ratios (OR) and 95% conﬁdence intervals (CI)] for the outcome of
tetracycline resistance
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Table 11. Comparison of ﬁnal multivariable model goodness-of-ﬁt statistics
Model

Goodness-of-ﬁt
statistic

Modelling
technique

Tetracycline

Streptomycin

Sulﬁsoxazole

Ampicillin

Chloramphenicol

A
B
C
D
E
F
G
H
I
J

QIC
QIC
QIC
QIC
QIC
AIC
AIC
AIC
AIC
AIC

GEE
GEE
GEE/ALR
GEE/ALR
GEE
GLMM
GLMM
GLMM
GLMM
GLMM

3323
3334
4794
4781
3298
–*
–*
4145
–*
4160

–*
2951
4261
–*
2941
2889
2840
–*
2846
–*

2960
2975
4214
4215
2970
2896
2801
–*
2798
–*

1318
1313
–*
–*
1329
1277
1227
–*
1222
–*

1217
1221
–*
–*
1203
1118
1055
–*
1054
–*

QIC, Quasi-Akaike’s Information Criterion; AIC Akaike’s Information Criterion.
* Final multivariable model results not available due to lack of model convergence.

equal, sample-level clustering resulted in better model
ﬁt than pen-level clustering. Surprisingly, models H
and J had a higher AIC than models F, G and I; the
former models speciﬁed random effects at the pen, sample and isolate levels, while the latter models speciﬁed
random effects at only one level. This ﬁnding could
stem from decreased model parsimony due to inclusion
of additional random effects, as marginal AIC statistics
do not account for random effects and therefore their
inclusion can decrease goodness-of-ﬁt [28].

DISCUSSION
These results highlight the inherent complexity in
modelling AMU-AMR associations from real-world
data. Despite this complexity, we have uncovered several important relationships between AMU and AMR
outcomes in faecal NTSEC. The direction and magnitude of these relationships remained consistent despite
changes in modelling technique, suggesting that they
are likely true drivers of NTSEC resistance in this
study population. Speciﬁcally, use of parenteral tetracyclines and sulfonamides increased the odds of recovering NTSEC resistant to tetracyclines and
sulﬁsoxazoles, respectively, while use of parenteral
macrolides decreased the odds of recovering ampicillin-resistant NTSEC. Importantly, these three relationships apply only to AMD given within 1 week
prior to sample collection, suggesting that shifts in
the most predominant resistance phenotypes are
short-lived (i.e. reverts back to less resistant populations), or that other changes to the microbiota eventually ‘crowd out’ these resistant populations. In
addition, the shortest withdrawal times for injectable

tetracyclines, sulfonamides and macrolides are currently 18, 5 and 18 days, respectively. In addition,
most AMDs are given early in the feeding period.
Given these factors and the short-lived relationship
observed in this study between exposures to these
AMDs and AMR, it is questionable whether or not
such use plays a signiﬁcant role in dissemination of
resistance through the food chain.
The three associations described above are consistent and easily interpretable; the rest of our results,
however, highlight the crucial role that modelling
decisions play in model results, the most obvious
example being quantiﬁcation of AMD exposures. In
some instances, categorization of exposures produced
models with wholly different subsets of signiﬁcant predictors when compared to models in which exposures
were not categorized. Given the highly skewed distribution of AMD exposures across pens, we believe
that categorization is the more legitimate method for
modelling AMU data. We attempted to evaluate linearity both by adding the quadratic term for AMD
exposures and by modelling AMD exposures as quintiles and graphing resulting parameter estimates
against the logit of the outcome. Unfortunately,
these models either would not converge or lacked of
a positive deﬁnite Hessian matrix, and therefore we
were unable to formally evaluate linearity. Ideally,
goodness-of-ﬁt statistics would provide generalizable
guidelines for model selection. However, our results
show that the ‘best ﬁt’ model depends greatly on the
resistance outcome being modeled (Table 11).
The issue of quantiﬁcation applied to confounders
as well as variables of primary interest. Our analysis
accounted for DOF as a known confounder of the
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AMU-AMR relationship [4]. The question is how to
best account for DOF, i.e. as a categorical or continuous variable, and does this make a difference? Our
results uncovered instances in which even this seemingly minor decision produced differential model
results with respect to the set of signiﬁcant predictors
in the ﬁnal model (Table 10, models A and B).
Clustering of subjects and samples occurs frequently
in agriculture production settings [29] and modelers can
choose from several techniques to account for this.
Ideally, these techniques would result in similar model
results; however, we have shown this is not always the
case. GLMM may produce a ﬁnal model with a wholly
different subset of signiﬁcant predictors than GEE, as
seen in the ﬁnal model results for tetracycline resistance
in which AMDs were categorized (Table 10). While this
is not surprising, it is an important ﬁnding given that
model selection is often based on necessity rather than
choice, for instance when data are sparse and mixed
models do not converge. Furthermore, choice of modelling technique can be based on subjective criteria such
as researcher preference.
The role of timing of AMD exposures in driving or
mitigating resistance is made clear in these results, and
in some cases, there is a strong dichotomy in this
regard. Recent parenteral quinolone exposures
decrease the odds of recovering chloramphenicolresistant NTSEC, while non-recent parenteral quinolone exposures strongly increase these odds
(Table 6). Multiple factors could be driving this
ﬁnding, including co-selection of resistance genes on
plasmids. The interlinked nature of AMR outcomes
has been previously observed [30], and future analyses
may wish to account for this with multivariate modelling approaches. Alternatively, this ﬁnding could be
explained by microbial population dynamics in
which the short-term alteration of the microbiome
caused by exposure to quinolone creates a long-term
niche for chloramphenicol-resistant NTSEC bacterial
subpopulations, perhaps due to the presence of unrelated traits. Other studies have found similar interactions between timing of antimicrobial exposure and
development of resistance [31], and together these
results highlight the importance of accounting for timing in models of AMU/AMR. We divided AMD
exposures at 7 days relative to sampling; however,
other schemes may be just as legitimate and should
be based on treatment protocols employed in the
study and/or target population.
The veterinary community has long recognized the
difﬁculties of researching AMU/AMR in production
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settings. The analysis presented here is founded on a
unique database in which many of these difﬁculties
were overcome, including linkage of pen-level AMD
exposures with susceptibility test results from pooled
faecal samples. The pooling of faeces from the pen
ﬂoor may have introduced sampling bias, particularly
for AMDs used in low frequency, when faeces from
exposed individuals were less likely to be randomly
included in the 25 individual faecal samples that
were pooled. However, the enrolment of 300 pens
and the collection of multiple pooled samples per
pen mitigated this potential bias, as well as provided
sufﬁcient power to uncover associations that may
have remained hidden in smaller studies. In addition,
the longitudinal sampling design allowed exploration
of resistance changes over time. Despite these
advancements, the complex nature of AMU and
AMR renders interpretation of results challenging.
The ﬁndings presented here add another layer of
complexity by demonstrating that modelling decisions
greatly impact model results, especially with respect to
the set of signiﬁcant predictors in the ﬁnal model.
Which results are we to believe? For example, some
AMU-AMR associations were seen across all model
types, while others were present in <25% of models
assessed. Does this mean that the latter associations
have less real-world applicability? Hill’s criteria of
causation state that consistency of results across different studies, times, circumstances and populations
strengthens the evidence for a causal relationship
[32], suggesting that those AMU-AMR associations
identiﬁed in all models are likely causally linked. In
addition, Hill’s criterion of plausibility is readily
apparent in the associations between sulfonamide
exposures and sulﬁsoxazole resistance and tetracycline
use and tetracycline resistance, lending more weight to
the causal nature of these relationships. The negative
association between macrolide use and ampicillin
resistance is less directly understood, and further
research is needed to understand microbiome-wide
population genetic dynamics that may be inﬂuencing
this relationship.
Importantly, however, most model results were not
consistent, and the question then becomes how to
determine which inconsistently identiﬁed AMUAMR associations to consider valid. From a technical
perspective, the most valid model is that which most
appropriately handles the data structure and provides
best data ﬁt. However, there is often a gap between
theory and application, and choice of modelling technique is not always dictated solely by mathematical
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appropriateness. Often, factors such as study design,
the ability of the model to converge given sparse
data, the need for a population-averaged estimate,
and even researcher preference will weigh heavily in
the decision [33]. Therefore, while perhaps unsurprising, the ﬁnding that modelling technique can substantially change the set of signiﬁcant predictors in the
ﬁnal model is disconcerting, particularly when the
results have potential ramiﬁcations for public health
and policy decisions, such as the case with AMU
and AMR in livestock production. It is therefore our
opinion that stakeholders in the AMU-AMR debate
deserve to see results of all legitimate models, and
that decisions about which model results to act on
should be based on a careful assessment of the relative
risk, the consistency and the plausibility of each
AMU-AMR relationship being analysed.

AC KN OWL ED GE MEN T S
We gratefully acknowledge Dr Trevor W. Alexander,
Shaun R. Cook, and Lorna J. Selinger for their technical assistance regarding bacterial culture, isolation,
and susceptibility testing at the Lethbridge Research
Center, and for Dr Danielle Daignault’s technical
assistance regarding susceptibility testing at the
Public Health Agency of Canada. We also gratefully
acknowledge Chelsea Flaig at Feedlot Health
Management Services Ltd for coordinating sampling.
Thanks are also extended to the commercial feedlot
operators for providing us access to their facilities to
obtain the ﬁeld isolates of Escherichia coli that were
an integral part of the study.
This study was supported by grants from: the
Advancing Canadian Agriculture and Agri-Food
(ACAAF) Program, 2006–2011; the Alberta Beef
Producers, 2006–2008 (project no. 0007-038RDB);
the Canadian Cattlemen’s Association, Beef Cattle
Research Council, 2006–2008 (project no. BCRC
6·41); and the Surveillance Division, Center for
Food-borne, Environmental Zoonotic Infectious
Diseases, Public Health Agency of Canada,
Canadian Integrated Program for Antimicrobial
Resistance Surveillance (CIPARS).

D E C L A R ATI O N O F I N T E R E S T
Dr Booker is an owner at Feedlot Health
Management Services, Okotoks, Alberta. This is a private company that provides expert consultation
regarding management of feedlot cattle, including

medical treatments such as use of antimicrobial
drugs. They also conduct research on a fee-for-service
basis regarding a variety of topics including the
efﬁcacy of different antimicrobial drugs. Dr Booker
is an owner of two other veterinary companies,
Lethbridge Animal Clinic (LAC), Lethbridge,
Alberta and Southern Alberta Veterinary Services
(SAVS), Okotoks, Alberta. LAC is a private company
that provides veterinary services to beef cattle operations, which would include recommendations for medical treatments such as use of antimicrobial drugs.
SAVS in a private company that sells pharmaceuticals
and consumables, including prescription antimicrobial
drugs, to end-users such as cow/calf producers or commercial feedlots.

R E F E R E N CE S
1. Smith R, Coast J. The true cost of antimicrobial resistance. British Medical Journal 2013; 346: f1493.
2. U.S. Department of Health & Human Services.
Antibiotic Resistance and the Use of Antibiotics in
Animal Agriculture. Hearing before the Subcommittee
on Health of the Committee on Energy and
Commerce of the House of Representatives. 111th
Congress 2010.
3. Rao S, et al. Antimicrobial drug use and antimicrobial
resistance in enteric bacteria among cattle from
Alberta feedlots. Foodborne Pathogens and Disease
2010; 7: 449–457.
4. Morley PS, et al. Effects of restricted antimicrobial
exposure on antimicrobial resistance in Escherichia coli
from feedlot cattle. Foodborne Pathogens and Disease
2011; 8: 87–98.
5. Checkley SL, et al. Associations between antimicrobial
use and the prevalence of antimicrobial resistance in faecal Escherichia coli from feedlot cattle in western
Canada. Canadian Veterinary Journal 2010; 51: 853–861.
6. Gow SP, et al. Prevalence of antimicrobial resistance in
faecal generic Escherichia coli isolated in western
Canadian cow-calf herds. Part I – Beef calves. Canadian
Journal of Veterinary Research 2008; 72: 82–90.
7. Gow SP, et al. Prevalence of antimicrobial resistance in
faecal generic Escherichia coli isolated in western
Canadian cow-calf herds. Part II – Cows and cow-calf
pairs. Canadian Journal of Veterinary Research 2008;
72: 91–100.
8. Hurd SH, et al. Public health consequences of macrolide
use in food animals: a deterministic risk assessment.
Journal of Food Protection 2004; 67: 980–992.
9. Alban L, Nielsen EO, Dahl J. A human health risk
assessment for macrolide-resistant Campylobacter associated with the use of macrolides in Danish pig production. Preventive Veterinary Medicine 2008; 83: 115–129.
10. Hurd SH, Malladi S. A stochastic assessment of the
public health risks of the use of macrolide antibiotics
in food animals. Risk Analysis 2008; 28: 695–710.

Downloaded from https://www.cambridge.org/core. IP address: 3.228.21.186, on 18 Oct 2019 at 12:26:23, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0950268815002423

Analysing antimicrobial use and resistance
11. Cox LA, Popken DA. Quantifying potential human
health impacts of animal antibiotic use: enroﬂoxacin
and macrolides in chickens. Risk Analysis 2006; 26:
135–146.
12. Hurd SH, et al. Quantitative risk from ﬂuoroquinoloneresistant Salmonella and Campylobacter due to treatment of dairy heifers with enroﬂoxacin for bovine
respiratory disease. Foodborne Pathogens and Disease
2010; 7: 1305–1322.
13. Alali WQ, et al. Relationship between level of antibiotic
use and resistance among Escherichia coli isolates from
integrated multi-site cohorts of humans and swine.
Preventive Veterinary Medicine 2009; 90: 160–167.
14. Benedict KM, et al. Latent class comparison of test
accuracy when evaluating antimicrobial susceptibility
using disk diffusion and broth microdilution to test
Escherichia coli and Mannheimia haemolytica isolates
recovered from beef feedlot cattle. Epidemiology and
Infection 2014; 142: 2314–2325.
15. Benedict KM, et al. Methodological comparisons for
antimicrobial resistance surveillance in feedlot cattle.
BMC Veterinary Research. 2013; 9: 216.
16. Clinical and Laboratory Standards Institute. Performance
standards for antimicrobial disk and dilution susceptibility tests for bacteria isolated from animals, fourth
edition: approved standard M31-A4. Wayne, PA: CLSI,
2013.
17. Clinical and Laboratory Standards Institute. Methods for
antimicrobial dilution and disk susceptibility testing of
infrequently isolated or fastidious bacteria, second edition:
approved guideline. M45-A2. Wayne, PA: CLSI, 2010.
18. Clinical and Laboratory Standards Institute. Performance
standards for antimicrobial susceptibility testing, 18th
informational supplement. M100-S18. Wayne, PA:
CLSI, 2008.
19. Clinical and Laboratory Standards Institute. Performance
standards for antimicrobial susceptibility testing, 21st
informational supplement. M100-S21. Wayne, PA:
CLSI; 2011.
20. Clinical and Laboratory Standards Institute. Performance
standards for antimicrobial susceptibility testing, 22nd
informational supplement. M100-S22. Wayne, PA:
CLSI; 2012.

1329

21. Benedict KM, et al. Metrics for quantifying antimicrobial use in the beef industry. Canadian Veterinary
Journal 2012; 53: 841–848.
22. Carey V, Zeger S, Diggle P. Modelling multivariate binary data with alternating logistic regressions. Biometrika
1993; 80: 517–526.
23. Wolﬁnger R. Laplace’s approximation for nonlinear
mixed models. Biometrika 1993; 80, 791–5.
24. Zeger SL, Liang K-Y, Albert PS. Models for longitudinal data: a generalized estimating equation approach.
Biometrics 1988; 44: 1049–1060.
25. Agresti A, Coull BA. Approximate is better than ‘exact’
for interval estimation of binomial proportions. The
American Statistician 1998; 52: 119–126.
26. Royston P, Altman DG, Sauerbrei W. Dichotomizing
continuous predictors in multiple regression: a bad
idea. Statistics in Medicine 2006; 25: 127–141.
27. Dohoo I, Martin W, Stryhn H. Veterinary Epidemiologic
Research. Charlottetown, Prince Edward Island: VER
Inc., 2009, pp. 377–378.
28. Greven S, Kneib T. On the behaviour of marginal and
conditional AIC in linear mixed models. Biometrika
2010; 97: 773–789.
29. Dohoo I, Stryhn H. Simulation studies on the effects of
clustering. In: Proceedings of the 11th Symposium of the
International Society for Veterinary Epidemiology and
Economics. Cairns: International Society for Veterinary
Epidemiology and Economics, 2006, p. 505.
30. Wagner BA, et al. Factor analysis of minimuminhibitory concentrations for Escherichia coli isolated
from feedlot cattle to model relationships among
antimicrobial-resistance outcomes. Preventive Veterinary
Medicine 2003; 57: 127–139.
31. Lowrance TC, et al. Changes in antimicrobial susceptibility
in a population of Escherichia coli isolated from feedlot cattle administered ceftiofur crystalline-free acid. American
Journal of Veterinary Research 2007; 68: 501–507.
32. Hill AB. The Environment and Disease: Association or
Causation? Proceedings of the Royal Society of Medicine
1965; 58: 295–300.
33. Dohoo I, Martin W, Stryhn H. Veterinary Epidemiologic
Research. Charlottetown, Prince Edward Island: VER
Inc., 2009, pp. 631.

Downloaded from https://www.cambridge.org/core. IP address: 3.228.21.186, on 18 Oct 2019 at 12:26:23, subject to the Cambridge Core terms of use, available at
https://www.cambridge.org/core/terms. https://doi.org/10.1017/S0950268815002423

