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Background: Estimates of the prevalence of antimicrobial resistance (AMR) underpin effective antimicrobial
stewardship, infection prevention and control, and optimal deployment of antimicrobial agents. Typically, the
prevalence of AMR is determined from real-world antimicrobial susceptibility data that are time delimited,
sparse, and often biased, potentially resulting in harmful and wasteful decision-making. Frequentist methods
are resource intensive because they rely on large datasets.

Objectives: To determine whether a Bayesian approach could present a more reliable and more resource-
efficient way to estimate population prevalence of AMR than traditional frequentist methods.

Methods: Retrospectively collected, open-source, real-world pseudonymized healthcare data were used to de-
velop a Bayesian approach for estimating the prevalence of AMR by combination with prior AMR information
from a contextualized review of literature. Iterative random sampling and cross-validation were used to assess
the predictive accuracy and potential resource efficiency of the Bayesian approach compared with a standard
frequentist approach.

Results: Bayesian estimation of AMR prevalence made fewer extreme estimation errors than a frequentist estima-
tion approach [n=74 (6.4%) versus n=136 (11.8%)] and required fewer observed antimicrobial susceptibility re-
sults per pathogen on average [mean=28.8 (SD=22.1) versus mean=34.4 (SD=30.1)] to avoid any extreme
estimation errors in 50 iterations of the cross-validation. The Bayesian approach was maximally effective and ef-
ficient for drug-pathogen combinations where the actual prevalence of resistance was not close to 0% or 100%.

Conclusions: Bayesian estimation of the prevalence of AMR could provide a simple, resource-efficient approach
to better inform population infection management where uncertainty about AMR prevalence is high.

examples of population infection management strategies that
hinge on understanding AMR prevalence.™? For example, the
The prevalence of antimicrobial resistance (AMR) is one of the prevalence of nitrofurantoin resistance in clinical urine specimens
most widely used metrics in population infection management.  may inform whether nitrofurantoin should be used as a first-line
Antimicrobial formularies, antimicrobial stewardship, infection treatment for urinary tract infection and/or whether it should be
prevention and control, and deployment of new drugs are part of routine antimicrobial susceptibility testing panels; the
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Figure 1. The problem with established practice in making population infection management decisions based on observed prevalence alone in biased
subsets of data. The Bayesian solution is to incorporate prior data with targeted testing to improve predictions, while the frequentist solution neces-
sitates expending additional resource to test a wider targeted population. This figure appears in colour in the online version of JAC and in black and

white in the print version of JAC.

prevalence of resistance to a new antimicrobial agent may influ-
ence its deployment in a new population (e.g. neonates) and
the prevalence of MRSA may influence whether to implement
screening programmes.

Real-world clinical microbiology data may not represent the
true prevalence of AMR in the population for whom a decision
needs to be made, for two reasons. Firstly, many people who
have never had microbiology specimens sent have different pat-
terns of AMR risk factors (e.g. different exposure to healthcare,
different types and intensity of antimicrobial treatment), result-
ing in selection bias—this bias may be further compounded by re-
flex laboratory testing procedures (e.g. susceptibility testing only
being performed for some antimicrobial agents when there is
resistance to all other agents tested); secondly, estimates for
seldom-tested antimicrobial agents are vulnerable to extreme
estimation errors due to small sample sizes (e.g. identifying a
single case of AMR for a drug with an AMR prevalence of 1:1000
by sampling 50 specimens).

The standard, frequentist statistical approach to this problem
is to test more specimens in the hope that the observed

prevalence in a larger sample size begins to better represent
the true population prevalence—this approach is resource inten-
sive and often infeasible in busy, resource-constrained diagnostic
laboratories.* Bayesian inference is an alternative approach to
frequentist statistics that allows the decision maker to combine
prior information about the prevalence of AMR with that ob-
served in the population sample (see Figure 1).>° This approach
has two potential benefits: (i) the decision maker can utilize infor-
mation about the wider, unsampled population thereby improv-
ing the representativeness of the estimate of AMR prevalence for
the whole population; (i) the information provided by prior belief
addresses the need to test ever more specimens, potentially
reducing resource expenditure in biomedical scientist time, con-
sumables etc.

The aim of this study was to use a cross-validation approach’
on real-world antimicrobial susceptibility data to assess whether
Bayesian Estimation of AMR prevalence (BEAR) could be a more
reliable and more potentially resource-efficient way to estimate
the prevalence of AMR in a new target population compared
with standard frequentist methods.
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Figure 2. Parallel algorithm workflows for Bayesian and observed prevalence AMR estimation/validation. For each approach, 20 antimicrobial suscep-
tibility results were sampled at random, then AMR prevalence was estimated in the remaining results. The differences between predicted and actual
observed AMR prevalence were calculated for each approach, then the precision and resource efficiency of each approach were compared with de-
scriptive statistics. This figure appears in colour in the online version of JAC and in black and white in the print version of JAC.

Methods

Setting

The BEAR approach was developed and assessed using the open-source,
pseudonymized real-world electronic healthcare record-derived dataset
MIMIC (Medical Information Mart for Intensive Care)-1V version 2.2.571°
The datasets used were those pertaining to hospitalwide inpatient and
outpatient data for patients who were admitted to the ICU or the emer-
gency department at Beth Israel Deaconess Medical Center (BIDMC) in
Boston, MA, USA between 2008 and 2019.

Participants and study size

Data for patients (denoted by pseudonymized subject identifiers) with
specimens in the ‘microbiologyevents.csv’ MIMIC-1V dataset were ana-
lysed. Drug-pathogen combinations (listed in Table S1, available as
Supplementary data at JAC Online) were chosen based on: (i) the number
of available antimicrobial susceptibility results for them in the dataset,
which reflected the ability to repeatedly select at least 20 results
to inform the likelihood calculation; and (i) expected phenotypes—
drug-pathogen combinations affected by intrinsic resistance (e.g. Proteus
mirabilis and nitrofurantoin) or expected susceptibility (e.g. tigecycline
and Staphylococcus aureus) were not studied.

Data sources/measurement and quantitative variables

Electronic health records were the source of all data in MIMIC-IV. The
database literature does not detail what breakpoint interpretations

were used to determine susceptible, ‘intermediate’ and resistant, but
CLSI guidelines are the most likely interpretative criteria to have been
used because they are recognized by the FDA in the USA. Organism iden-
tification processes used are also unknown and varied depending on or-
ganism and specimen type. For example, in urine cultures, all members of
the Klebsiella genus were speciated but Enterococcus spp. were identified
only to genus level.

Development of the BEAR algorithm

Algorithms were written and implemented using R version 4.3.2 (https://
cran.r-project.org), which performed the following computation (also
depicted in Figure 2) on retrospectively collected healthcare data:
(i) authors’ prior belief in the population prevalence of AMR for each
drug-pathogen combination was statistically expressed using a review
of the literature*~?® contextualized by authors, summarized in Box S1
and Figure S1; (i) the dataset was filtered for drug-pathogen combina-
tions of interest where an antimicrobial susceptibility test result was
available, then 20 susceptibility test results for each pathogen were
sampled at random—these 20 results represent the specimen antimicro-
bial susceptibility results that would be available to the decision maker in
real-world practice; (i) BEAR calculated the probability distribution of
the prevalence of AMR that was observed in the sampled 20 results (i.e.
the probability of observing that prevalence of AMR conditional on all pos-
sible probabilities of AMR in any single case—otherwise known as the
Bayesian likelihood); (iv) BEAR calculated the posterior probability of re-
sistance from the prior and the observed data using Bayes’ theorem
(see Box S2), then used this probability distribution to generate a posterior
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predictive distribution that estimated the prevalence in the unobserved
results; (v) 49 further iterations of steps (ii) to (iv) were repeated and
the differences between predicted and observed AMR prevalence (esti-
mation error) were measured over these iterations; (vi) steps (ii) to
(v) were then performed repeatedly with an ascending result sample
size until no estimation errors >10% were recorded in 50 iterations;
(vii) the whole analysis was then repeated using a comparator fre-
quentist approach that estimated AMR probability based purely on
the observed AMR prevalence in the sampled 20 results; and (viii) the
results of the BEAR and the observed prevalence approach cross-
validations were compared using summary statistics and data visual-
ization techniques.

To facilitate a simplified binomial model of probability estimation,
‘intermediate’ results (results that are neither susceptible nor resist-
ant, with a variable definition and interpretation depending on re-
gional susceptibility testing guidelines)?>*° were interpreted as
susceptible in the main analysis. This approach was taken because
selection bias is more likely to result in an overestimation of resist-
ance (for example, urine cultures only being sent for patients who
have not responded to treatment)—interpreting ‘intermediate’ as re-
sistant risks further exacerbating this bias and blunting the effect of
BEAR on real-world estimates. However, there are some clinical situa-
tions where a more clinically conservative estimate of resistance
would be appropriate (for example, in informing critical care guide-
lines). A sensitivity analysis was therefore performed where ‘inter-
mediate’ results were reclassified as resistant, the algorithms were
run again, and the results were compared with the main analysis
by box plot data visualization.

Variables

The outcomes of interest were: (i) estimation precision—the number of
extreme AMR prevalence estimation errors (>10% difference between
estimated and actual AMR prevalence) in 50 cross-validation iterations
of BEAR and the observed prevalence approach using 20 observed
antimicrobial susceptibility results; the number of very extreme errors
(>20%) was a secondary outcome; and (i) potential resource
efficiency—the minimum number of observed antimicrobial suscepti-
bility results per drug-pathogen combination required to avoid any ex-
treme errors in AMR prevalence in 50 cross-validation iterations of
BEAR versus the observed prevalence approach.

Statistical methods

BEAR calculated the posterior probability of AMR, based on Bayes’ the-
orem, and simulated results using the resultant beta-binomial posterior
predictive distribution (a beta prior was chosen as a conjugate prior to
provide a closed form expression for the posterior—this is described by
Equations 1-4 in Box S2). AMR probability was calculated by the compara-
tor observed prevalence approach using only the prevalence of AMR in the
20 sampled results. The non-sampled results in the dataset were then re-
placed with results simulated based on these probability calculations
using R’s ‘rbetabinom’ function. The estimation error was defined as
the difference between the prevalence of AMR in these simulated results
versus the actual percentage prevalence of AMR in the results they re-
placed. The precision outcome was the difference in the number of preva-
lence estimation errors >10% (extreme errors) between BEAR and the
observed prevalence approach in 50 cross-validation iterations. The
resource-efficiency outcome was the minimum observed sample size
per drug-pathogen combination required to avoid any prevalence esti-
mation errors >10% for BEAR and the observed prevalence approach in
50 cross-validation iterations. Tests of statistical significance were not
suitable for the cross-validation approach used, because the power to re-
ject the null hypothesis would be determined by the number of iterations,
which could be arbitrarily increased or decreased as required.

Table 1. Characteristics of the study population

Measure(s) Summary statistic(s)

63 (47-76)
24955 (60.1)

Age, years, median (IQR)
Gender female (F), n (%)°
Specimen type, n (%)
Sterile specimens®
Inpatient specimens
Organism grown, n (%)

Citrobacter freundii 1050 (1.2)
Enterobacter cloacae 2788 (3.1)
Enterococcus spp. 11828 (13.1)
E. coli 34651 (38.6)
Klebsiella pneumoniae 11084 (12.4)
Morganella morganii 699 (0.7)
P. mirabilis 4492 (5.0)
Pseudomonas aeruginosa 8694 (9.7)
Serratia marcescens 1425 (1.6)
S. aureus 23617 (26.3)
Stenotrophomonas maltophilia 1382 (1.5)
Streptococcus Group B 748 (0.8)
Streptococcus pneumoniae 643 (0.7)

AMIMIC-1V provides a column listed ‘gender’ with the binary elements ‘M’
and ‘F’. In the absence of further available information, we have not as-
sumed whether this refers to gender or sex and have summarized the
data as provided.

bSterile specimens were defined as those from blood, tissue or fluid con-
firmed to be from a sterile compartment (e.g. CSF).

Results

Participants

Figure S2 displays the flow chart for the analysed datasets. In the
raw ‘microbiologyevents.csv’ dataset, 1587215 specimens per-
taining to 181226 patients were present. During data cleaning,
33383 specimens were removed because they contained the
following terms not recognized and parsed correctly by the R
‘AMR: Antimicrobial Resistance Data Analysis’ package version
2.1.1 (available at https://cran.r-project.org/web/packages/AMR/
index.html): ‘cancelled’, ‘virus’, ‘simplex’, ‘parainfluenza’, ‘influenza
A, ‘influenza B, ‘tick’, ‘AFB grown’, ‘Gram variable rods’, and
‘Hymenolepis’. A total of 89643 specimens from 41531 patients
were determined to be eligible for cross-validation analysis based
on the criteria described in the ‘Participants and study size’ section.

Descriptive data

The characteristics of the study population are displayed in
Table 1. Figure 3 displays outputs of BEAR run on two random
samples of 20 susceptibility results to estimate prevalence of
ampicillin/sulbactam resistance in an unobserved population of
34617 Escherichia coli isolates.

Main results

Table 2 summarizes AMR prevalence estimation error for BEAR
and the observed prevalence approach across the cross-
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Figure 3. An example output of the BEAR approach for ampicillin/sulbactam resistance in E. coli, from two random samples of 20 specimens in the
study dataset. The prior (red curve, left-hand graphs) reflects our belief that we think the prevalence of resistance is likely to be less than 50%, but not
very rare, based on the prevalence of ampicillin/sulbactam resistance in inpatient and outpatient epidemiological studies in the USA—the mode of the
prior is therefore around 0.25. The likelihood (green curve, left-hand graphs) reflects the prevalence of resistance that has been observed in the 20
sampled results—making an estimate based on the data alone would result in almost a 30% swing in the estimate depending on whether the top
sample (observed prevalence ~10%) or the bottom sample (observed prevalence ~40%) had been used to make the estimate. Combining the prior
and the likelihood results in the posterior (blue curve, left-hand graphs), which reflects our Bayesian estimate of AMR prevalence in the dataset—the
anchoring effect of the prior prevents the posterior (the blue curve in the left-hand plots) from overfitting to each sample, significantly reducing the
amount of swing in estimate between samples. The right-hand graphs show differences in the resulting predictions in the population context—
the Bayesian approach limits the swing of estimates between samples to around 7000 for a population of 34617, anchoring the estimate closer
to the actual whole population prevalence of 8141. Using the observed data alone would have resulted in a swing of around 10000, and a less accurate

estimate in both cases.

validation (actual and estimated AMR prevalence used to com-
pute errors for each method are summarized in Table S2). Each
algorithm used 2160 observed results to simulate 919057 de-
leted results per cross-validation iteration. Using BEAR resulted
in fewer AMR prevalence estimation errors than the observed
prevalence approach [n=74 (6.4% of estimations) versus
n=136 (12.2% of estimations)] across the cross-validation. This
is reflected by the distribution of estimation errors in 50 cross-
validation iterations shown in Figure 4—the mean of estimates
for BEAR were often further from the true population value
than the observed prevalence approach, but there was a much
smaller spread of estimate errors with BEAR than with the ob-
served prevalence approach. BEAR made a single estimation er-
ror >20% for vancomycin, versus 14 errors >20% made by the
observed prevalence approach [for oxacillin (n=7), levofloxacin
(n=2), erythromycin (n=1), clindamycin (n=3) and vancomycin
(n=1)]. For drug-pathogen combinations where the actual
prevalence of resistance was very low (approaching 0%) or very
high (approaching 100%), the difference between BEAR and the

observed prevalence approach appeared to narrow and BEAR
tended to slightly overestimate prevalence, albeit within a 10%
margin of error.

Table 3 and Figure 5 summarize the results of the laboratory
resource efficiency analysis. BEAR required a smaller minimum
number of antimicrobial susceptibility results per drug-pathogen
combination to avoid any AMR prevalence estimation errors
>10% (mean=28.8, SD=22.1 versus mean=34.4, SD=30.1).
Similarly to the precision analysis, the resource benefit of BEAR
over the observed prevalence approach generally appeared to
narrow for drug-pathogen combinations where the actual preva-
lence of AMR was very low or very high.

Other analyses

The results of the sensitivity analysis for ‘intermediate’ suscepti-
bility results are summarized in Table S3 and Figure S3.
Reclassification of ‘intermediate’ results to resistant did not sub-
stantially affect the results of the analysis—BEAR still resulted in
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Table 2. Summary measures of estimation errors across all cross-validations for BEAR and the observed prevalence approach

BEAR
Mean % AMR

Number of results prevalence estimation

BEAR
Number of prevalence
estimation errors

Observed prevalence
Mean % AMR
prevalence estimation

Observed prevalence
Number of prevalence
estimation errors

Antimicrobial agent tested (and simulated) error (SD) >10% error (SD) >10%
Benzylpenicillin 40 (3204) -2.6(2.1) 0 0.2 (1.7) 0
Ampicillin 80 (50396) 0.1 (6.6) 8 -0.3 (8.3) 13
Oxacillin 20 (23577) 0.4 (7.7) 10 -0.4 (13.1) 21
Ampicillin/sulbactam 60 (49035) 1.8 (4.2) 0 -0.2(7.2) 8
Piperacillin/ 80 (52747) 4.2 (1.5) 0 -0.1(1.3) 0
tazobactam
Cefazolin 60 (46695) 3.5 (4.7) 4 -1.3(6.1) 6
Cefuroxime 60 (7036) 3.1 (4.1) 1 0.5 (5.2) 1
Ceftriaxone 60 (48984) 1.9 (4.5) 4 -1.7 (4.9) 1
Ceftazidime 80 (57708) 2.5(3.2) 1 0 (4) 1
Cefepime 180 (63430) 3(3.2) 1 -0.5 (3.3) 0
Meropenem 180 (63 548) 3.6 (1) 0 0.2 (1.4) 0
Ciprofloxacin 180 (63571) 1 (4.9) 3 2.2 (6) 6
Levofloxacin 40 (23673) -2(7) 8 —0.6 (11.4) 16
Erythromycin 60 (23128) -2.6(7.5) 10 0.9 (10.7) 17
Clindamycin 40 (21085) -0.7 (8.5) 13 -1(11.2) 23
Tetracycline 40 (17542) 3.3 (4.1) 5 0.6 (4.6) 1
Vancomycin 20 (11801) 1.7 (6.9) 4 2.2 (9.8) 20
Rifampicin 20 (8629) 3.7 (2.1) 1 0.4 (3.5) 1
Gentamicin 200 (87137) 3.2(2.2) 0 0.1 (3.5) 1
Amikacin 120 (5205) 3.7 (2) 0 -0.1(2.2) 0
Tobramycin 180 (63554) 2.8(2.3) 0 -0.3(2.9) 0
Nitrofurantoin 140 (47669) 3.1(2.3) 1 0 (2.6) 0
Trimethoprim/ 220 (79703) 1.7 (3.5) 0 0.7 (4.9) 0
sulfamethoxazole
Total 2160 (919057) 74 136

fewer estimation errors >10% than the observed prevalence ap-
proach ([n=75 (6.5% of estimations) versusn=127 (11.0% of es-
timations)]. BEAR made a single estimation error >20% for
erythromycin, versus five errors >20% made by the observed
prevalence approach [ampicillin/sulbactam (n=1), levofloxacin
(n=1), erythromycin (n=1) and clindamycin (n=2)].

Discussion

It is less probable that the Bayesian approach (BEAR) will make
extreme prevalence estimation errors than a frequentist ap-
proach in cases where there are few results available and there
is a moderate risk of resistance. BEAR requires fewer datapoints
to make timely and robust estimates of the prevalence of AMR
because it adds contextualized prior information to the observed
data—to achieve the same effect, the frequentist approach
needs to progressively add more data from the population and
test ever more specimens. The benefit of a prior is to anchor es-
timates in a believable range, preventing extreme estimates
(caused by a phenomenon called overfitting) that could be exces-
sively harmful or wasteful when used to make population infec-
tion management decisions (e.g. choosing a first-line agent for
an antimicrobial formulary). Our study is, to our knowledge, the

first time a simple Bayesian model of this kind has undergone
implementation-focused investigation for AMR.

Given the prior distributions used in this study, the Bayesian
approach provides less or no benefit over observed prevalence
alone for drug-pathogen combinations where the actual preva-
lence of AMR is either very high or very low, because in those
situations, observed prevalence alone is more likely to make ac-
curate estimates by chance. For example, because meropenem
resistance is rare, most sampling frames of 20 in the dataset
will have no meropenem resistance in them, likely resulting in
an estimate of zero with the observed prevalence approach—
by chance, this is very close to the correct answer. It is for this
reason that frequentist approaches require tests of statistical
significance to quantify the probability that an observed phe-
nomenon in a small sample happened by chance. Contrast this
with ampicillin/sulbactam (see the example in Figure 3), where
there is likely to be much more variation in observed prevalence
between sampling frames of 20, so the probability of making an
extreme error based on a small sample of observed data alone
is higher—Bayesian approaches provide more benefit here be-
cause the prior provides much-needed additional information
to this more variable and unpredictable scenario. BEAR may
therefore have less utility in certain clinical situations—for ex-
ample, in estimating the prevalence of carbapenemase-producing
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Figure 4. Box plot displaying distribution of AMR estimation errors incurred during cross-validation using BEAR and the frequentist observed prevalence
approach. BEAR resulted in fewer errors >10% and fewer errors >20% than the observed prevalence approach. This figure appears in colour in the

online version of JAC and in black and white in the print version of JAC.

Enterobacterales in low-prevalence settings, or estimating the
prevalence of phenoxymethylpenicillin resistance in S. aureus.
BEAR could be relevant in many different types of infection-
related decision making—consider three scenarios that are com-
monly encountered in infection-related healthcare. Firstly, to
determine whether ampicillin/sulbactam should be recommended
as a first-line treatment for urinary tract infection in community
healthcare settings, public health databases could be used to
quantify prior belief about the context-specific prevalence of
ampicillin/sulbactam resistance. BEAR uses this Bayesian prior
with a limited number of local urine antimicrobial susceptibility

results (28 specimens per pathogen was sufficient to avoid
extreme estimation errors in this study) to obtain a rapid,
resource-efficient and robust estimate of prevalence to guide
whether ampicillin/sulbactam should be used for the population
in question. This specific example highlights a further advantage
of BEAR in that many patients do not have urine specimens
sent—missing data scuppers estimates of prevalence, and this
is especially difficult if standard frequentist approaches are
used. BEAR circumvents this issue with the use of a prior that en-
ables prior knowledge to be incorporated when there are missing
data, as is often the case in infection management.
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Table 3. The number of antimicrobial susceptibility results per pathogen
that were needed to avoid any extreme (>10%) AMR prevalence
estimation errors in 50 cross-validation iterations of BEAR and the
observed prevalence approach

BEAR
Minimum required
number of observed
results per pathogen

Observed prevalence
Minimum required
number of observed

Antimicrobial agent results per pathogen

Benzylpenicillin 10 6
Ampicillin 54 60
Oxacillin 63 66
Ampicillin/sulbactam 28 45
Piperacillin/ 13 12
tazobactam
Cefazolin 26 34
Cefuroxime 19 20
Ceftriaxone 24 25
Ceftazidime 12 13
Cefepime 17 15
Meropenem 8 3
Ciprofloxacin 15 24
Levofloxacin 65 84
Erythromycin 80 92
Clindamycin 65 99
Tetracycline 33 32
Vancomycin 49 79
Rifampicin 22 24
Gentamicin 13 12
Amikacin 12 11
Tobramycin 12 7
Nitrofurantoin 9 10
Trimethoprim/ 13 19
sulfamethoxazole
Mean (SD) 28.8 (22.1) 34.4 (30.1)

A further example relates to the deployment of a newly de-
veloped antimicrobial agent or an agent for use in a special
population. In either case, there is a paucity of data to guide
policy development and aid decision-making. Consider the
use of a new agent for the treatment of neonatal sepsis.
Information from a variety of sources (e.g. clinical, microbio-
logical, pharmacological datasets) alongside available data
from separate populations (e.g. adults) helps form a contex-
tualized prior belief of the use of the new drug in neonates.
BEAR is then used to combine this belief with focused testing
that is designed to be representative of the new target popula-
tion. This approach enables an informed decision of likely effi-
cacy of the new drug across neonatal populations.

Finally, consider the national deployment of an agent with
ability to address unmet medical needs via activity against
MDR/XDR pathogens. Here, information contained in the non-
clinical and clinical development programmes contributes to
the prior, which effectively provides a summary of contemporan-
eous knowledge. A strategically designed sampling programme
provides data likely to be representative of the true within-
country prevalence of AMR. BEAR is then used to make estimates

of the likely efficacy of the new agent without requiring an ex-
haustive number of datapoints.

Where ample, unbiased population data are available (e.g.ina
well-designed large-scale study with active microbiological screen-
ing), a simple Bayesian approach like BEAR is unlikely to have signifi-
cant benefit over a traditional frequentist techniqgue—however,
large-scale screening studies of this kind are slow and resource
intensive. A further disadvantage of such datasets is that once col-
lected they are immediately out of date. One of the characteristics
of antimicrobial therapy and AMR is that the quality and extent of
knowledge is highly dynamic and continuously changing. BEAR fa-
cilitates responsive and real-time clinical decision-making and de-
sign/implementation of dynamic public health policy. As new
information becomes available, the prior can be updated, and the
Bayesian estimates of AMR prevalence recalculated to assess
whether new clinical and public health interventions are required.
Such an approach is an example of the use of feedback loops
that are essential for the development of modern resilient health-
care systems that make best use of data collected in routine
healthcare and/or from surveillance programmes. Feedback loops
of this kind could also be used to deploy the intervention across a
range of geographical settings at scale, by using prior results to in-
form estimates in neighbouring and/or similar geographical areas.
BEAR also has a role in AMR preparedness (consider similarities to
the recent SARS-CoV-2 pandemic) by providing a new tool to ad-
dress emergent public health threats that require rapid decision
making and public health interventions.

With deployment in real-world settings comes the need for
effective monitoring and quality control. Statistical techniques
such as the cross-validation approach used in this study should
be combined with the data visualization techniques provided by
the algorithm (as shown in Figure 3), clinical outcomes (e.g. the fre-
quency of WHO Access, Watch and Reserve agents in an antimicro-
bial formulary that has been based on BEAR estimates) and fidelity
metrics (e.g. uptake of BEAR by infection specialists) to ensure
BEAR remains safe, efficient and fit for purpose once deployed in
clinical practice. It is also important to understand the subpopula-
tions that available data come from, and the assumptions made
when making estimates—for example, priors derived from suscep-
tibility data in outpatient settings may translate poorly to inpatient
settings where resistance prevalence is likely to be higher. In such
situations, mathematical weighting could be applied to illustrate
lower confidence in the priors, or targeted additional data col-
lected to increase the weight of observed data in calculations.

Our new approach has several limitations. Firstly, the cross-
validation method we used is likely to have overestimated whole-
population precision and resource efficiency of the observed preva-
lence approach, because it validated against a selected population
(i.e. patients who had microbiology tests sent) rather than the
whole population. The population data used also only related to
a specific geographical setting in adult patients—to better test
the utility of BEAR in the example scenarios described above, the
approach should be validated on data from different populations
and settings. Secondly, how well the incorporation of prior belief
mitigates selection bias depends how well that belief reflects real-
ity—this could present a challenge in some settings where the
availability of literature and/or data to inform priors may be lack-
ing. Thirdly, the number of cross-validation iterations was limited
to 50 for each drug-pathogen combination to limit the cumulative

2324



Bayesian estimation of antimicrobial resistance prevalence

JAC

Minimum number of observed antimicrobial susceptibility results per pathogen required to avoid extreme estimation errors

Clindamycin -
Erythromycin -
Levofloxacin -
Vancomycin =
Oxacillin -
Ampicillin -
Ampicillin-sulbactam -
Cefazolin -
Tetracycline - @ +
Ceftriaxone - ®
Ciprofloxacin -
Rifampicin -
Cefuroxime - e

Trimethoprim-sulfamethoxazole -

Antimicrobial agent

Cefepime -
Piperacillin-tazobactam -
Gentamicin -
Ceftazidime -

Amikacin -

Tobramycin -
Benzylpenicillin -
Nitrofurantoin -
Meropenem -

0 30

[ @® 34
o—O 12
@e—@ 19

] @® 30
o0
o—0 5

+17
Estimator
@ BEAR
® Eopr

60 90

Number of observed results required

Figure 5. The minimum number of antimicrobial susceptibility results per drug-pathogen combination that were needed to avoid any extreme
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time taken for the algorithm to compile results. Fourthly, >10% es-
timation error was chosen as a potentially clinically significant ex-
treme error, but the clinical significance of a >10% error varies
from drug to drug, pathogen to pathogen, and cohort to cohort.

Despite these potential limitations, our results suggest that
system leaders in antimicrobial stewardship, infection prevention
and control, and drug development could use BEAR as a simple,
reliable, resource-efficient way of estimating AMR prevalence
when making population infection management decisions. The
usefulness of policies developed in these domains (for example,
antimicrobial formularies) could be strengthened by the ability
to more accurately estimate AMR prevalence with existing test-
ing resources using BEAR—this would have potential benefits
both in terms of individual management of infection and helping
to control the population spread of AMR. Furthermore, BEAR
provides timely outputs and has the very real advantage of enab-
ling dynamic and real-time responses, which are both properties
required for regional, national and global AMR preparedness.
Realizing the deployment of BEAR in real-world practice will require
an understanding of which drug-pathogen combinations it will be
suitable for, standardized and transparent methods of eliciting
prior belief from infection specialists, access to small but unbiased
samples of antimicrobial susceptibility data (e.g. through targeted
testing of stored isolates) and continuous review, quality control
and updating of BEAR models and algorithms to respond to the dy-
namic nature of AMR.

Acknowledgements

We would like to acknowledge Silvia Figuereido Costa from the University
of S&o Paolo, Brazil for providing expert peer review and feedback on this
article.

Funding

This research was supported by The Wellcome Trust (grant ref: 226691/Z/
22/2). For the purpose of open access, the author has applied a CC BY pub-
lic copyright licence to any Author Accepted Manuscript version arising
from this submission.

Transparency declarations

A.H. declares personal consulting work for Pfizer outside the submitted
work, and a donation from Pfizer to the University of Liverpool for a public
and professional engagement project outside the submitted work. W.H. is
a member of the Specialist Advisory Committee for GARDP and the
Specialty National Co-Lead for Infectious Diseases for the National
Institute of Health Research. I.B. holds a senior investigator award with
NIHR, an OLS-data-action-accelerator grant, personal fees and other
from AstraZeneca outside the submitted work. A.G., A.V., P.L.G., C.B. and
D.M.H. have no interests to declare.

Author contributions

A.H.—concept, coding, writing, editing, diagrams; P.L.G.—draft feedback,
mathematics; A.V.—coding; A.G.; coding, draft feedback, data verification;
C.B.—draft revisions suggestions and feedback; D.M.H.—draft feedback;
W.H.—concept, draft feedback, editing; 1.B.—draft feedback, editing.

Data availability

The MIMIC-1V version 2.2 dataset is publicly accessible as a credentialled
PhysioNet user at https:/physionet.org/content/mimiciv/2.2/ once man-
dated training is completed, and the data use agreement is signed.
Additional aggregate-level data can be provided by the authors if re-
quests to do so are in line with legal and ethical data use regulations.
Open-source code written for this study is available at https://github.
com/amh312/BayesianAMRPrevalence.

2325


https://physionet.org/content/mimiciv/2.2/
https://github.com/amh312/BayesianAMRPrevalence
https://github.com/amh312/BayesianAMRPrevalence

Howard et al.

Supplementary data

Figures S1 to S3, Boxes S1 and S2 and Tables S1 to S3 are available as
Supplementary data at JAC Online.

References

1 Naylor NR, Atun R, Zhu N et al. Estimating the burden of antimicrobial
resistance: a systematic literature review. Antimicrob Resist Infect Control
2018; 7: 58. https://doi.org/10.1186/513756-018-0336-y

2 Tacconelli E. Linking infection control to clinical management of infec-
tions to overcome antimicrobial resistance. J Hosp Infect 2021; 114: 1-9.
https://doi.org/10.1016/j.jhin.2021.04.030

3 Rempel O, Pitout JD, Laupland KB. Antimicrobial resistance surveillance
systems: are potential biases taken into account? Can J Infect Dis Med
Microbiol 2011; 22: e24-8. https://doi.org/10.1155/2011/276017

4 van Leth F, Schultsz C. Unbiased antimicrobial resistance prevalence
estimates through population-based surveillance. Clin Microbiol Infect
2023; 29: 429-33. https://doi.org/10.1016/j.cmi.2022.05.006

5 Tipping ME. Bayesian Inference: an introduction to principles and prac-
tice in machine learning. In: Bousquet O, von Luxburg U, Ratsch G, eds.
Advanced Lectures on Machine Learning: ML 2003. Lecture Notes in
Computer Science (vol 3176). Springer, 2004; 41-62.

6 ChernySS, Chowers M, Obolski U. Bayesian network modeling of patterns
of antibiotic cross-resistance by bacterial sample source. Commun Med
(Lond) 2023; 3: 61. https://doi.org/10.1038/s43856-023-00289-7

7 Roelofs R, Shankar V, Recht B et al. A meta-analysis of overfitting in
machine learning. In: Wallach H, Larochelle H, Beygelzimer A et al., eds.
Advances in Neural Information Processing Systems. Curran Associates,
Inc,, 2019; 1-11.

8 Johnson A, Bulgarelli L, Pollard T, et al. MIMIC-IV (version 2.2).
PhysioNet 2023; https://doi.org/10.13026/6MM1-EK67

9 Johnson AEW, Bulgarelli L, Shen L et al. MIMIC-1V, a freely accessible
electronic health record dataset. Sci Data 2023; 10: 219. https:/doi.org/
10.1038/s41597-023-02136-9

10 Goldberger AL, Amaral LAN, Glass L et al. PhysioBank, PhysioToolkit,
and PhysioNet: components of a new research resource for complex
physiologic signals. Circulation 2000; 101: e215-20. https://doi.org/10.
1161/01.CIR.101.23.e215

11 Jenkins SG, Brown SD, Farrell DJ. Trends in antibacterial resistance
among Streptococcus pneumoniae isolated in the USA: update from
PROTEKT US Years 1-4. Ann Clin Microbiol Antimicrob 2008; 7: 1. https:/
doi.org/10.1186/1476-0711-7-1

12 Diekema DJ, Pfaller MA, Shortridge D et al. Twenty-year trends in anti-
microbial susceptibilities among Staphylococcus aureus from the SENTRY
antimicrobial surveillance program. Open Forum Infect Dis 2019; 6 Suppl
1: S47-53. https://doi.org/10.1093/ofid/ofy270

13 Mutnick AH, Biedenbach DJ, Jones RN. Geographic variations and
trends in antimicrobial resistance among Enterococcus faecalis and
Enterococcus faecium in the SENTRY Antimicrobial Surveillance Program
(1997-2000). Diagn Microbiol Infect Dis 2003; 46: 63-8. https://doi.org/
10.1016/S0732-8893(03)00012-9

14 Al-Hasan MN, Lahr BD, Eckel-Passow JE et al. Antimicrobial resistance
trends of Escherichia coli bloodstream isolates: a population-based study,
1998-2007. J Antimicrob Chemother 2009; 64&: 169-74. https://doi.org/
10.1093/jac/dkp162

15 Dunne MW, Aronin SI, Yu KC et al. A multicenter analysis of trends in
resistance in urinary Enterobacterales isolates from ambulatory patients
in the United States: 2011-2020. BMC Infect Dis 2022; 22: 194. https://doi.
0rg/10.1186/s12879-022-07167-y

16 Gentry CA, Williams RJ. Trends in susceptibility rates and extended-
spectrum B-lactamase production of Klebsiella pneumoniae in bloodstream
infections across the United States Veterans Affairs healthcare system.
Microb Drug Resist 2015; 21: 590-9. https:/doi.org/10.1089/mdr.2014.0287

17 Mathai D, Jones RN, Pfaller MA. Epidemiology and frequency of resist-
ance among pathogens causing urinary tract infections in 1,510 hospita-
lized patients: a report from the SENTRY Antimicrobial Surveillance
Program (North America). Diagn Microbiol Infect Dis 2001; 40: 129-36.
https://doi.org/10.1016/50732-8893(01)00254-1

18 Sader HS, Flamm RK, Carvalhaes CG et al. Antimicrobial susceptibility
of pseudomonas aeruginosa to ceftazidime-avibactam, ceftolozane-
tazobactam, piperacillin-tazobactam, and meropenem stratified by U.S. cen-
sus divisions: results from the 2017 INFORM program. Antimicrob Agents
Chemother 2018; 62: e01587-18. https://doi.org/10.1128/aac.01587-18

19 Sanchez GV, Master RN, Clark RB et al. Klebsiella pneumoniae anti-
microbial drug resistance, United States, 1998-2010. Emerg Infect Dis
2013; 19: 133-6. https://doi.org/10.3201/eid1901.120310

20 Sanchez GV, Babiker A, Master RN et al. Antibiotic resistance among
urinary isolates from female outpatients in the United States in 2003
and 2012. Antimicrob Agents Chemother 2016; 60: 2680-3. https:/doi.
0rg/10.1128/AAC.02897-15

21 Begier E, Rosenthal NA, Gurtman A et al. Epidemiology of invasive
Escherichia coli infection and antibiotic resistance status among patients
treated in US hospitals: 2009-2016. Clin Infect Dis 2021; 73: 565-74.
https:/doi.org/10.1093/cid/ciab005

22 Sader HS, Castanheira M, Duncan LR et al. Antimicrobial susceptibility
of Enterobacteriaceae and Pseudomonas aeruginosa isolates from United
States medical centers stratified by infection type: results from the inter-
national network for optimal resistance monitoring (INFORM) surveillance
program, 2015-2016. Diagn Microbiol Infect Dis 2018; 92: 69-74. https://
doi.org/10.1016/j.diagmicrobio.2018.04.012.

23 Sader HS, Mendes RE, Streit JM et al. Antimicrobial susceptibility of
Gram-negative bacteria from intensive care unit and non-intensive care
unit patients from United States hospitals (2018-2020). Diagn Microbiol
Infect Dis 2022; 102: 115557. https://doi.org/10.1016/j.diagmicrobio.
2021.115557

24 Castanheira M, Deshpande LM, Mendes RE et al. Prevalence of carba-
penemase genes among carbapenem-nonsusceptible Enterobacterales
collected in US hospitals in a five-year period and activity of ceftazi-
dime/avibactam and comparator agents. JAC Antimicrob Resist 2022;
4: dlac098. https://doi.org/10.1093/jacamr/dlac098

25 MacDougall C, Powell JP, Johnson CK et al. Hospital and community
fluoroquinolone use and resistance in Staphylococcus aureus and
Escherichia coli in 17 US hospitals. Clin Infect Dis 2005; 41: 435-40.
https://doi.org/10.1086/432056

26 Metcalf BJ, Chochua S, Gertz RE et al. Short-read whole genome se-
quencing for determination of antimicrobial resistance mechanisms
and capsular serotypes of current invasive Streptococcus agalactiae re-
covered in the USA. Clin Microbiol Infect 2017; 23: 574.e7-14. https://
doi.org/10.1016/j.cmi.2017.02.021

27 Critchley IA, Cotroneo N, Pucci MJ et al. The burden of antimicrobial
resistance among urinary tract isolates of Escherichia coli in the United
States in 2017. PLoS One 2019; 14: e0220265. https://doi.org/10.1371/
journal.pone.0220265

28 Mojica MF, Rutter JD, Taracila M et al. Population structure, molecular
epidemiology, and B-lactamase diversity among Stenotrophomonas
maltophilia isolates in the United States. mBio 2019; 10: e00405-19.
https:/doi.org/10.1128/mbio.00405-19

29 EUCAST. New S, I and R definitions. 2019. https://www.eucast.org/
newsiandr/

30 CLSI. Performance Standards for Antimicrobial Susceptibility Testing—
Thirty-third Edition: M100. 2023.

2326


http://academic.oup.com/jac/article-lookup/doi/10.1093/jac/dkae230#supplementary-data
http://academic.oup.com/jac/article-lookup/doi/10.1093/jac/dkae230#supplementary-data
http://academic.oup.com/jac/article-lookup/doi/10.1093/jac/dkae230#supplementary-data
http://academic.oup.com/jac/article-lookup/doi/10.1093/jac/dkae230#supplementary-data
https://doi.org/10.1186/s13756-018-0336-y
https://doi.org/10.1016/j.jhin.2021.04.030
https://doi.org/10.1155/2011/276017
https://doi.org/10.1016/j.cmi.2022.05.006
https://doi.org/10.1038/s43856-023-00289-7
https://doi.org/10.13026/6MM1-EK67
https://doi.org/10.1038/s41597-023-02136-9
https://doi.org/10.1038/s41597-023-02136-9
https://doi.org/10.1161/01.CIR.101.23.e215
https://doi.org/10.1161/01.CIR.101.23.e215
https://doi.org/10.1186/1476-0711-7-1
https://doi.org/10.1186/1476-0711-7-1
https://doi.org/10.1093/ofid/ofy270
https://doi.org/10.1016/S0732-8893(03)00012-9
https://doi.org/10.1016/S0732-8893(03)00012-9
https://doi.org/10.1093/jac/dkp162
https://doi.org/10.1093/jac/dkp162
https://doi.org/10.1186/s12879-022-07167-y
https://doi.org/10.1186/s12879-022-07167-y
https://doi.org/10.1089/mdr.2014.0287
https://doi.org/10.1016/S0732-8893(01)00254-1
https://doi.org/10.1128/aac.01587-18
https://doi.org/10.3201/eid1901.120310
https://doi.org/10.1128/AAC.02897-15
https://doi.org/10.1128/AAC.02897-15
https://doi.org/10.1093/cid/ciab005
https://doi.org/10.1016/j.diagmicrobio.2018.04.012
https://doi.org/10.1016/j.diagmicrobio.2018.04.012
https://doi.org/10.1016/j.diagmicrobio.2021.115557
https://doi.org/10.1016/j.diagmicrobio.2021.115557
https://doi.org/10.1093/jacamr/dlac098
https://doi.org/10.1086/432056
https://doi.org/10.1016/j.cmi.2017.02.021
https://doi.org/10.1016/j.cmi.2017.02.021
https://doi.org/10.1371/journal.pone.0220265
https://doi.org/10.1371/journal.pone.0220265
https://doi.org/10.1128/mbio.00405-19
https://www.eucast.org/newsiandr/
https://www.eucast.org/newsiandr/

	Bayesian estimation of the prevalence of antimicrobial resistance:

a mathematical modelling study
	Introduction
	Methods
	Setting
	Participants and study size
	Data sources/measurement and quantitative variables
	Development of the BEAR algorithm
	Variables
	Statistical methods

	Results
	Participants
	Descriptive data
	Main results
	Other analyses

	Discussion
	Acknowledgements
	Funding
	Transparency declarations
	Author contributions

	Data availability
	Supplementary data
	References




