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Abstract
Background: Increasing antimicrobial resistance in uropathogens is a clinical challenge to emergency
physicians as antibiotics should be selected before an infecting pathogen or its antibiotic resistance
pro�le is con�rmed. This single-center retrospective study evaluated patients diagnosed with upper
urinary tract infection (UTI) in the emergency department (ED) between January 2020 and June 2021 to
develop a predictive model for antibiotic resistance of uropathogens, using machine learning (ML)
algorithms

Results: Forty variables were used to train the model for predicting resistance to cipro�oxacin and the
presence of ESBL of urinary pathogens. Model performance with the XGBoost Gradient-Boosted Decision
Tree (GBDT) was compared with that of empirical treatment (ET) according to effectiveness of antibiotic
selected and appropriateness of selection with respect to antibiotic stewardship. Two prediction models
using different decision thresholds were developed. The probability of using ineffective antibiotics in the
ED was signi�cantly lowered by 13.3% in the GDBT 0.25 using a decision threshold of 0.25 than in the ET
model. Further, the rate of appropriate use of narrow-spectrum antibiotics was higher by 7.4 times in the
GBDT 0.44 model than in the ET model, while the ineffectiveness level was maintained.

Conclusions: An ML model is potentially useful for predicting antibiotic resistance, improving the
effectiveness and appropriateness of empirical antimicrobial treatment in patients with upper UTI in the
ED. The model could be a point-of-care decision support tool to guide clinicians towards individualized
antibiotic prescription.

Background
Urinary tract infection (UTI) is an extremely common condition encountered in the emergency department
(ED). Escherichia coli accounts for 75–95% of bacterial isolates in community-onset UTI, followed by
Klebsiella pneumonia and Proteus mirabilis.1 The increasing resistance of these uropathogens to
commonly used antimicrobials for UTI has been a concerning global issue. For instance, the resistance
rate of E. coli to �uoroquinolones, especially cipro�oxacin, ranges from 55.5–85.5% in developing
countries and from 5.1–32% in developed countries.2 The incidence of extended spectrum ß-lactamase
(ESBL)-producing E. coli and K. pneumonia infections has also increased in the United States, limiting
treatment options of antibiotics as ESBL are capable of degrading most penicillins, cephalosporins, and
aztreonams. 3, 4

Increasing resistance of uropathogens is a clinical challenge to emergency physicians because
antibiotics in the ED are selected before an infecting pathogen or its antibiotic resistance pro�le is
con�rmed. One challenge in this empiric therapy is the use of effective antibiotics for which the pathogen
is susceptible to. Ineffective initial antimicrobial therapy leads to prolonged hospitalisation and increased
medical costs and mortality.5, 6 Another challenge is the selection of narrow-spectrum antibiotics because
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use of inappropriate broad-spectrum antimicrobials increases the risk of colonisation and antimicrobial
resistance that in turn lead to increased antibiotic resistance rates.7–9

Electronic decision support systems in conjunction with machine learning (ML) algorithms could reduce
this burden of emergency physicians during empiric treatment10, 11 and have thus been gaining attention.
However, it is not yet actively used in clinical practice owing to lack of integration into clinical work.12

Thus, this study aimed to develop a predictive model for antibiotic resistance in UTI patients, using ML
algorithms. Towards this goal, we analysed the decision-making process from the physician’s perspective
and created a predictive model that could be easily integrated into clinical practice to, ultimately, improve
the effectiveness and appropriateness of empiric antibiotic therapy in the ED.

Results

Study population and characteristics
A total of 550 upper UTI patients with an average age of 72.1 years were enrolled. Majority of the patients
were female (n = 409, 74%). There were 208 (37%) patients who were bedridden and 71 (12%) patients
who had an indwelling urinary catheter upon ED arrival. Underlying diabetes and neurologic diseases
including stroke were identi�ed in 231 (42%) and 238 (43%) patients, respectively. A history of previous
UTI within 1 year was found in 130 (23%) patients, and 105 (19%) patients had hospital-acquired
infections. For laboratory results, the average levels of C-reactive protein and creatinine were 12.12
mg/dL and 1.34 mg/dL, respectively. The most common bacteria grown in urine cultures was E. coli
(91%), followed by Klebsiella (8%). Overall, 46% of uropathogens showed resistance to cipro�oxacin, and
the ESBL positivity rate was 46%. The most common empirical antibiotics prescribed by emergency
physicians was cefotaxime (55%), followed by piperacillin-tazobactam (28%) and cipro�oxacin (11%).

Overall performance of the GBDT model
Overall performance of our GBDT model was evaluated according to the area under the receiver operating
characteristic curve (AUC) as shown in Fig. 1. The AUCs of the testing set for resistance to cipro�oxacin
and ESBL positivity were similar to those of the training set. The classi�cation performance of GBDT with
the decision threshold of 0.5 is summarised in Table 1.

Table 1
The classi�cation performance of the XGBoost Gradient-Boosted

Decision Tree (GBDT) with the decision threshold of 0.5.

  AUC Precision Sensitivity Speci�city

GBDT0.5
CIP

0.824 0.844 0.623 0.894

GBDT0.5
ESBL

0.810 0.736 0.684 0.800
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GBDT performance using different thresholds
We analysed the GBDT prediction results through classi�cation performance using the evaluation metrics
of ineffectiveness (IE) and appropriateness (A). Two prediction models using different decision
thresholds were developed. GDBT 0.25 was a model using a decision threshold of 0.25 and predicted the
resistance to cipro�oxacin and ESBL production of uropathogens while maintaining a similar level of A to
that of ET collected from the real data. Meanwhile, GBDT 0.44 was a prediction model using a decision
threshold of 0.44 and maintained a similar level of IE to that of the ET. We set the two decision thresholds
empirically.

Figure 2 shows the performances of these two models according to IE and A. In the GBDT 0.25 model, the
probability of using ineffective antibiotics was signi�cantly lowered by 13.3% than in ET. Meanwhile, the
rate of appropriate use of narrow-spectrum antibiotics was higher by 7.4 times in the GBDT 0.44 model
than in the ET while maintaining a similar level of IE to that of ET.

Variable importance
Variable importance was visualised using Shapely Additive exPlanations as shown in Fig. 3.13 The
variables with high importance in predicting resistance to cipro�oxacin of uropathogens were hospital-
acquired infection, history of UTI within a year, and bedridden status. As for predicting positivity for ESBL
phenotype, the variables with high importance were history of admission within 3 months, history of
antibiotic use within 3 months, bedridden status, and neurological disease as comorbidity.

Discussion
Herein, we showed that ML in combination with clinical data could improve the effectiveness and
appropriateness of empirical antibiotic therapy in the ED. ML is a growing �eld in medicine, including in
infectious disease (ID). By July 2019, there have been 60 ML-clinical decision support system (ML-CDSS)
that have been developed to assist ID clinicians.14 Empiric antimicrobial therapy could bene�t the most
from ML-CDSS because of the unavailability of culture results at the time of prescription. Moreover, it is
unlikely for emergency physicians to receive any feedback regarding initial selection of antibiotics
because patients do not wait in the ED until the result is available. Therefore, ML-CDSS could be
promising in assisting decision-making by presenting assessments and recommendations individualised
to the patient.

To ensure that these ML tools are useful and successfully integrated into clinical practice, a clear
understanding of medical perspectives through the decision-making process is fundamental. For
instance, ID clinicians begin to assess a febrile patient with the primary objective of �nding the focus of
the fever. The possible pathogens and antibiotics with the proper coverage are only determined after the
clinical diagnosis is made. As such, focusing only on individual antibiotics or pathogens using ML
algorithms without a provisional diagnosis would be of no use to support clinical decisions. Thus is why
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we clearly de�ned the clinical scenario as upper UTI before predicting antibiotic resistance in order for the
model to be successfully integrated into clinical practice, which sets our study apart from previous
studies.

Under the premise of clinical diagnosis, ML-CDSS is constrained by comprehensiveness and quality of
the clinical data used for their development. In this context, we analysed all available data from different
sources, such as a structural clinical data, vital signs, and laboratory data. However, we also included
relevant unstructured data such as free clinical texts, nursing notes, and medical imaging to ensure
integration of detailed medical history. Studies that analysed the performance of ML-CDSS when using a
reduced set of variables found that the sensitivity and speci�city of ML-CDSS were systematically better
when they used a larger set of variables, especially when unstructured data are added.15–17 We also
distinguished cases of bacterial colonisation or contamination in urine cultures from true pathogens and
excluded them from the study to improve the quality of the data. These efforts to maximize the
comprehensiveness and quality of our data contributed to the development of a satisfactory model in our
study. An additional important strength of our work is that algorithm training and evaluation were
performed on different data sets.

However, this study also has a number of limitations. Firstly, our model was built on data from a single
healthcare institution within a con�ned geographic region; thus, further validation at other institutions is
needed. As resistance patterns can change over time,8, 18 our model may also become less relevant as
time passes and should thus also be periodically retrained Therefore, identifying the most appropriate
temporal and spatial selection windows for training data would be essential for future research. Secondly,
we assessed the performance of the model against real-life prescribers, which were emergency
physicians. Ultimately, performance would need to be assessed prospectively for validation purpose with
well-de�ned endpoints such as hospital days, mortality, medical costs, and impact on bacterial resistance
in the long term.

Thirdly, our result shows that detailed information from unstructured data ranked high as feature
importance on prediction. These variables with high feature importance were found to be consistent
previously identi�ed risk factors.19 However, given the labour-intensive and time-consuming process of
data identi�cation, data should be easily entered into the CDSS in the future system by automatic
extraction from the EMR, and progress in natural language processing may help.20

Lastly, we did not �x the decision threshold of the GBDT model in our result considering each clinical
setting might require different emphasis on using the model. For instance, in the setting of emergency,
prompt clinical improvement or survival bene�t maximizing effectiveness would be the main concern.
Meanwhile, a reduction in the inappropriate use of broad-spectrum antibiotics could be a priority in a
community with a high rate of antibiotic overuse because improving antibiotic stewardship may lead to
reduced costs, complications, and improved clinical outcomes.21 The best approach should make it
possible to substantially increase the proportion of patients who receive effective empiric antibiotics
while minimizing the risk of developing resistance in a given circumstance, and our model has the
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possibility of being modi�ed to individualise this risk-bene�t ratio. Prospective studies are required to
assess the performance of our ML model for achieving better patient outcomes and minimizing the risk
of antibiotic resistance.

Conclusions
In conclusion, ML has the potential to help clinicians predict antibiotic resistance, improving the
effectiveness and appropriateness of empirical antimicrobial treatment for upper UTI in the ED. When
implemented in the hospital, our model could be a point-of-care decision support system to guide
clinicians towards individualised antibiotic prescription.

Methods

Study design and population
This was a single-center retrospective study with patients diagnosed with upper UTI in the ED between
January 2020 and June 2021. This study was conducted in a tertiary university hospital in Korea with an
average of 60,000 patients according to an annual census of ED visits. The electronic medical records
(EMRs) of all adult patients (age ≥ 18 years) who were diagnosed with UTI and had positive urine culture
(≥ 104 CFU/mL) over the 18 months were reviewed. Only patients with upper UTI (i.e., pyelonephritis and
urosepsis) with at least one of the following symptoms or signs were enrolled: fever (≥ 38°C), tenderness
of costovertebral angle on physical exam, high C-reactive protein (≥ 10 mg/dl), or �ndings suggestive of
acute pyelonephritis on computed tomography. Patients with lower UTI such as those with cystitis or
urethritis and patients UTI with multiple pathogens were excluded. In addition, for patients with multiple
admissions, only data from the index admission were included in the analysis.

Data collection and de�nition
The dataset included the bacterial species isolated from the patients’ urine and their antimicrobial
susceptibility (microbiology data), clinicodemographic data (e.g., age, sex, comorbidities, vital signs),
laboratory data, and unstructured data (free text from EMRs). Infections were considered to be hospital-
acquired if the patients were transferred from another hospital after 48-h hospitalisation or if the patient
was discharged from the hospital within 3 days of the UTI diagnosis. We de�ned an episode of previous
UTI within the year before the index date and used a 30-day time window to distinguish the index UTI
episode from previous episodes.

All prescriptions were identi�ed by reviewing medical records from prior/current hospitalisations and
hospital visits for current use of gastric mucosa-protecting agents (histamine-2 receptor blocker, proton
pump inhibitor, and antacids) and for history of antibiotic use within 3 months before the index UTI. The
quick Sequential Organ Failure Assessment score was calculated using the following criteria: systolic
blood pressure ≤ 100 mmHg, respiratory rate ≥ 22/min, and altered mental status. 22 Each criterion
corresponded to 1 point, with the total score ranging from 0 to 3. Hypothermia was de�ned as body



Page 7/14

temperature < 36°C and leukopenia as a white blood cell count < 4,000/mm3 upon ED arrival. The result
‘intermediate’ on the antimicrobial susceptibility test was considered similar to ‘resistant’ and in contrast
with ‘susceptible’.

Bacterial identi�cation and antimicrobial susceptibility
Fresh urine samples were placed on the eosin methylene blue agar, and the isolated microorganisms were
categorized by Gram staining. Bacteria were identi�ed using the VITEK2 system (bioMérieux, Marcy
l'Etoile, France). Antibiotic susceptibilities were tested using the disk diffusion method in accordance with
the criteria from the Clinical and Laboratory Standards Institute.

Testing for ESBL phenotype
ESBL con�rmatory test involved testing cefotaxime (30 µg) and ceftazidime (30 µg) alone and in
combination with clavulanate (10 µg) on Mueller-Hinton agar. If the zone diameter increased ≥ 5 mm in
the presence of clavulanate, the isolate was considered ESBL-producing. Escherichia coli ATCC 25922
and Klebsiella pneumonia ATCC700603 (700,603.18) were used as quality controls.

Effectiveness and appropriateness of antimicrobial agents
The effectiveness of initial empirical antimicrobial therapy with cipro�oxacin or third- or fourth-generation
cephalosporins (cefotaxime and cefepime) in the ED was evaluated based on the results of in vitro
antimicrobial susceptibility testing. For example, empirical treatments with third- or fourth-generation
cephalosporins were considered as ‘ineffective’ when pathogens from urine culture were positive for ESBL
phenotype (ESBL-producing pathogens). Meanwhile, appropriateness was evaluated according to
whether a narrow-spectrum antimicrobial agent was selected considering antibiotic stewardship. Only
patients whose uropathogen was determined as susceptible to cipro�oxacin were included in this
analysis. Therefore, only cipro�oxacin was considered as ‘appropriate’ use, and the selection of other
broad-spectrum antibiotics (third- or fourth-generation cephalosporin, piperacillin-tazobactam, or
ertapenem) was considered as ‘inappropriate’ despite their effectiveness.

Model training and performance evaluation
A total of 40 variables were used to train the predictive model with a focus on resistance to cipro�oxacin
and the presence of ESBL of urinary pathogens. In total, 80% of the samples collected in 2020 were
randomly allocated to train an XGBoost Gradient-Boosted Decision Tree (GBDT), whereas the remaining
20% was used as a validation set to select the hyperparameter of the model. Model performance was
evaluated using the samples in 2021, and the performance was compared with that of the original
prescribers (emergency physicians) in the ED. In the hyperparameters of GBDT, the maximum depth, the
number of estimators, and the learning rate were empirically set to 1, 501, and 0.01, respectively.

The superiority of our GBDT model over ET for antibiotic selection was evaluated according to the
effectiveness of the antibiotic selected and appropriateness of the selection with respect to antibiotic
stewardship. Given that this study did not evaluate effectiveness of ET in patients who received
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antibiotics other than cipro�oxacin or third- or fourth-generation cephalosporins, model performance was
validated by measuring the ineffectiveness, not the effectiveness. IE and A were calculated as follows:

IEET =
{ET = CIP} ∩ UCIP = R + {ET = CTX} ∪ {ET = CEF} ∩ UESBL = P

UCIP = R ∪ UESBL = P

IEGBDT =
GBDTCIP = S ∩ UCIP = R + GBDTESBL = N ∩ UESBL = P

UCIP = R ∪ UESBL = P

AET =
{ET = CIP} ∩ UCIP = S

UCIP = S

AGBDT =
GBDTCIP = S ∩ UCIP = S

UCIP = S

where CIP, CTX, and CEF indicate cipro�oxacin, cefotaxime, and cefepime, respectively.

{ET = CIP} ∩ UCIP = R  was de�ned as the number of patients who were empirically treated with

cipro�oxacin in the ED but the pathogens from urine cultures turned out to be resistant (R) to

cipro�oxacin. Meanwhile, GBDTCIP = S ∩ UCIP = R  was de�ned as the number of patients in

whom the GBDT predicted their pathogens to be susceptible (S) to cipro�oxacin but were resistant on
susceptibility testing. Given that this decision support tool by the GBDT would lead emergency physicians
to select cipro�oxacin when GBDTCIP = S, we treated ET = CIP and GBDTCIP = S equally when

comparing the performance of the GBDT with ET. UESBL = N  and UESBL = P  indicated that the

urine culture results were positive (P) or negative (N) for ESBL expression, respectively.
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UTI urinary tract infection

ED emergency department

ESBL extended spectrum ß-lactamase

ML machine learning
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ET empirical treatment

AUC area under the receiver operating characteristic curve

IE ineffectiveness

A appropriateness

ID infectious disease

CDSS clinical decision support system

EMR electronic medical records

CIP cipro�oxacin

CTX cefotaxime,

CEF cefepime,

R resistant

SHAP Shapely Additive exPlanations
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Figure 1

The area under the receiver operating characteristic curve (AUC) of training and testing sets in predicting
resistance to cipro�oxacin (CIP) and the production of extended-spectrum β-lactamase (ESBL) of the
uropathogen.

Figure 2
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Performances of two prediction models, GDBT 0.25 and GBDT 0.44 which used a decision threshold of
0.25 and 0.44, respectively were compared with the empirical therapy (ET) in the emergency department
using the evaluation metrics such as ineffectiveness (IE) and appropriateness (A).

Figure 3
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Variable importance for cipro�oxacin resistance and positive ESBL phenotype of uropathogen using
Shapely Additive exPlanations (SHAP).


