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Abstract

Understanding antimicrobial usage patterns and encouraging appropriate antimicrobial
usage is a critical component of antimicrobial stewardship. Studies using VetCompass
Australia and Natural Language Processing (NLP) have demonstrated antimicrobial usage
patterns in companion animal practices across Australia. Doing so has highlighted the many
obstacles and barriers to the task of converting raw clinical notes into a format that can be
readily queried and analysed.

We developed NLP systems using rules-based algorithms and machine learning to automate
the extraction of data describing the key elements to assess appropriate antimicrobial use.
These included the clinical indication, antimicrobial agent selection, dose, and duration of
therapy.

Our methods were applied to over 4.4 million companion animal clinical records across
Australia on all consultations with antimicrobial use to help us understand what antibiotics
are being given and why on a population level. Of these approximately only 40% recorded
the reason why antimicrobials were prescribed, along with the dose and duration of
treatment.

NLP and deep learning might be able to overcome the difficulties of harvesting free text data
from clinical records, but when the essential data is not recorded in the clinical records then
this becomes an insurmountable obstacle.

Introduction

Antimicrobial resistance (AMR) is a growing threat that results in morbidity and mortality
through decreasing the effectiveness of antimicrobial agents in human and veterinary
patients.'3 Antimicrobial stewardship programs have been shown to be useful in combating
resistance but require data to inform them for both identifying targets for stewardship
interventions and for assessing effectiveness and implementability.*”

VetCompass Australia is a large database that collects data from over 180 clinics across
Australia.® However, much of its data is in free text form, making it difficult to readily query.
Many challenges are due to the record keeping of veterinary practitioners and the current
software systems used to record and report such information. Use of free text, abbreviations
and clinical shorthand are all designed to make work easier for the practitioner, but all of
these practices mean that extracting meaningful data from the dataset is problematic. In
addition, clinical records with missing data (patient weight, antimicrobial dosage and duration
of treatment) make utilising big data sets even more difficult.

Natural Language Processing is an area of computer science that can help structure this
free text.®'® Recent breakthroughs in neural networks and deep learning have resulted in
performance that meets or exceeds human level performance on many tasks related to
extracting data out of texts.'" 12

Our work has explored the use of NLP to extract data out of VetCompass and use this data
to inform antimicrobial stewardship efforts in Australia.’>'® In this work, over 4.4 million
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records were extracted between 2012-2017 inclusive to describe the usage patterns in
Australia.

Many of the techniques leveraged deep learning to structure the data for analysis. While the
performance of the models is good overall, there were several obstacles that were
impossible to overcome. This paper explores those obstacles and potential paths forward for
them to be overcome. Specifically, extracting the specific elements of AMU events:

1. Ingredient of the antimicrobial agent
2. Indication for the administration
3. Dose and duration of therapy

Extracting antimicrobial ingredients

The first step in this research was to develop methods to extract the ingredient (antimicrobial
agent) from the clinical records stored within VetCompass Australia.”® To do this, we
manually created a comprehensive dictionary that contained the antimicrobial drugs
available to veterinarians in Australia and the various agents that these products contain. A
rules-based method was then developed which matched text segments within the
prescriptions to the dictionary. We overcame the challenge of misspelled text segments by
using an algorithm that would evaluate the length of the text divided by the difference in the
string measured by Levenshtein (edit) distance.® This method was validated on the dataset
being used for the study, however the products matched to dictionaries is an ever-evolving
list. Therefore, any future research using these methods need to have the accuracy
evaluated and likely have the dictionary updated with additional items as they become
available on the market.

Determining the correct indications

To develop a system for extracting the correct indication for an antimicrobial agent, we
needed to develop a novel neural network model to examine the clinical notes and extract
data describing the antimicrobial agent prescribed and the clinical indication for
administration.™ Training machine learning models to understand the reason for an
antimicrobial administration relies on specific information being incorporated in the clinical
records in a consistent manner. To train these models requires annotations to be made to
clinical records so that the model can recognise the information recorded as free text. Such
labels were unavailable and having an expert annotate the records by hand to train such
models is cost prohibitive and extremely time consuming.

To overcome this, we leveraged the amount of data available within VetCompass Australia.
This data was used to first pretrain the model to learn the syntax and vocabulary used within
the clinical notes before focusing the model on the specific task of identifying the indication
for the antimicrobial agent being used. The model was then optimised to maximise the
annotation effort of the clinicians annotating the data through an instance selecting pre-
processing step to select the most appropriate records that should be annotated. However,
even with the optimisation of the records selected, the indication for antimicrobial
administration was found to be present in fewer than 85% of records. This information is
critical to any antimicrobial being dispensed and should be clearly indicated in the record.

Calculating the dose and duration of antimicrobials given

To extract the dose and duration out of the clinical records we used rules-based algorithms
to extract the amount of each medication being given, the frequency of administration, and
weight of the patient.' However, when evaluating the records themselves, it was found that
the weight was missing from over 40% of clinical records evaluated. Furthermore, when
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assessing the overall ability to extract the necessary information, including the indication, it
was found that fewer than 40% of the clinical records had all the necessary information to
perform the task. This severely limits what can be reasonably extracted out of a clinical
document.

Evaluation

This research has enabled the automation of extracting of ingredients, indication for use,
dose, and duration of antimicrobials being dispensed which enables the understanding of
companion animal AMU patterns at scale. This enhances the understanding of what is
currently being done in companion animal practice at the consultation level and critical
component to implementing AMS programs for which it has been used to inform.

While the NLP methods were developed to extract AMU patterns, they are also capable of
extracting other information about other happenings within the clinical record. The deep
learning models used in the study can be repurposed with additional training to classify any
information that is relevant and present within the text. While it would require additional
labels to train the models for such tasks, we have also created methods to minimise the
labelling required to train the models for a specific task.™

The primary limits of what could reasonably be extracted out of the clinical records was due
to other factors. This was either the lack of information being available in the clinical records
or the lack of resources, such as a database of drug names that is maintained.

Improving Clinical Records

Mapping drug names to the ingredient currently requires a comprehensive list of existing
medications with their trade names mapped to the ingredients. There are standardised
terminologies that contain medications, such as RxNorm and many veterinary medications
included within this database.'® However, there is no requirement to have veterinary
medications registered within RxNorm. Having the requirement for veterinary medications to
be entered into standardised vocabularies such as RxNorm would greatly improve the ability
to extract the medications out of clinical records.

Another area that could be improved is through the practice management software used by
clinicians. For example, when a prescription label is created, requiring an indication at the
time of creating a prescription label would ensure the data is there. Additionally, the weight
of an animal could be copied to the current clinical record automatically if the patient was not
weighed at the current consultation, or there could be a forced requirement for an estimated
weight. Finally, the dosage estimate could also automate based on the amount of medication
being prescribed.

Conclusions

We developed various systems using NLP techniques, neural networks, and VetCompass
Australia to examine the clinical notes, and extract data describing the antimicrobial agent
prescribed, the dose, duration, and the clinical indication for administration. The
effectiveness is limited based on the data recorded within the clinical record.
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