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Abstract

Objective: To demonstrate the potential of machine learning and capability of natural language

processing to predict disposition of patients based on triage notes in the emergency department

(ED).
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Methods: A retrospective cohort of ED triage notes from St. Vincent’s Hospital (Melbourne) was
used to develop a deep-learning algorithm that predicts patient disposition. Bidirectional
Encoder Representations from Transformers (BERT), a recent language representation model
developed by Google, was utilised for natural language processing. 80% of the dataset was used
for training the model and 20% was used to test the algorithm performance. ktrain library, a

wrapper for TensorFlow Keras, was employed to develop the model.

Results: The accuracy of the algorithm was 83% and the Area Under the Curve (AUC) was 0.88.
Sensitivity, specificity, precision and Fl-score of the algorithm were, 72%, 86%, 56% and 63%,

respectively.

Conclusions: Machine-learning and natural language processing can be together applied to the
ED triage note to predict patient disposition with a high level of accuracy. The algorithm can
potentially assist ED clinicians in early identification of patients requiring admission by mitigating

the cognitive load, thus optimises resource allocation in EDs.

Key words: triage notes, patient disposition, natural language processing, artificial intelligence
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An advanced natural language processing technique to predict patient disposition
based on emergency triage notes

1. Introduction

Patient presentations to Emergency Departments (EDs) have gradually increased nationally
and internationally along with the aging population.'? Early decision-making can potentially
improve the management of ED flow through the effective delivery of high standard, quality

care to patients and reducing the length of stay in the ED.*>

To optimise service provision in EDs, several innovative approaches have been trialled.® Applying
artificial intelligence (Al) to the medical field, particularly to ED data, is a novel area of research
and has shown promising results.”® Natural Language Processing (NLP) is one of the main
components of Al which converts unstructured data, such as ED triage notes, to a set of

quantitative parameters.®
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Taken by a trained emergency nurse, an ED triage note contains the narrative of a patient’s
presenting illness or a reason to present to the ED. Several studies have recently applied Artificial
Neural Networks (ANN) and its variants together with NLP algorithms to triage notes to predict
patient disposition.!"!3 The results are promising, with up to three quarters of the outcomes

being predicted correctly depending on the NLP technique utilised.*?

Dinh et al. used the Sydney Triage to Admission Risk Tool (START) to predict inpatient
admission using the patient’s age and presenting illness as triage categories. 1* They achieved
an accuracy of 75.24% using regression analysis. Sterling et al. have used NLP to predict patient
disposition based on triage notes.'?> They reported the accuracy of 68%, 73% and 62% for three
different methods, Bag of Words (BOW), Paragraph Vectors (PV) and Topic Models (TM),
respectively. Similar approaches have been applied to subsets of ED patients in more
specialised areas, such as the paediatric population or asthmatic patients.'®> These studies show
the feasibility of implementing Al in EDs to predict the final discharge planning for patients at
the time of presentation. More recently, Fernandes et al. applied machine learning and NLP
techniques to triage data and classified patients with high mortality and cardiopulmonary
arrest.'® Bacchi et al. employed machine-learning and NLP algorithms to predict patients’

length of stay using triage notes with 82% accuracy. 7

In this study, we utilised Al and NLP to predict inpatient admission using unstructured ED triage
notes at St Vincent’s Emergency Department. To our knowledge, this is the first Australian study
implementing the Bidirectional Encoder Representations from Transformers (BERT), a novel
state-of-the-art Al model that was shown to improve many NLP tasks!® 19, to train an Al system

to analyse the free-text ED triage notes and predict patient disposition.

2. Methods
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2.1. Data: A retrospective cohort of consecutive ED presentations to St. Vincent’s Hospital
(Melbourne) from July 2010 to June 2019 were used. We excluded data where the triage note
was blank or the disposition was not “Home” or “Admit to Ward”. Particularly, we did not

consider Emergency Short Stay (ESS) admissions in our model.

2.2. Natural Language Processing: We used NLP to convert triage note data to numerical vectors

that can subsequently be used by machine-learning algorithms to predict patient disposition.

2.3. Pre-processing: A crucial step in machine learning is data cleaning and pre-processing. We
only kept “Triage Note” and “Disposition” columns from the dataset as the input for the machine
learning algorithm. Prior to employing NLP techniques, we stemmed and lowercased data,
removed the punctuation and delete the stop words (common words that are excluded prior to

applying NLP, e.g. “the”, “that” and “is”).

2.4. The BERT model: We used BERT, a recent language representation model developed by
Google.'® 1% To implement and train the deep-learning algorithm, we used ktrain library which is

a wrapper for TensorFlow Keras.?°

2.5. Machine learning steps: We used 80% of the dataset as the training set. To minimise the
correlation, the split of the dataset was performed on a random basis. The training dataset was
used to train the model and tune its parameters. Given that the dataset is imbalanced in terms
of the two disposition classes, we balanced the dataset by oversampling the minority class
“Admit” to avoid naive results with high accuracy. The block diagram of the modelling process is
illustrated in Figure 1. We used the “fit_onecycle” method in ktrain to train our model. We set
the “1 cycle learning rate” to 2 x 107°. The parameters for training the model are summarised in

Table 1.
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The remaining 20% of the dataset was used as the test set to evaluate the performance of the
model for unseen observations. The test dataset was not balanced because it should reflect the

reality of the data.

2.6. Evaluation by experts: We used input from ED consultants to find a reference for comparing
the algorithm performance with experts. Two hundred triage notes with only “Home” or “Admit”
dispositions were randomly sampled from the original dataset and distributed among five ED
consultants for them to manually assign disposition. The unlabelled datasets only contained the
real data without any pre-processing. The overall performance of the experts was calculated by

forming a confusion matrix for each expert separately and averaging the results.

3. Results

There were 399,876 consecutive ED presentations between July 2000 to June 2019. After
excluding blank triage notes and dispositions other than “Home” and “Admit to Ward”, a total of
249,532 ED encounters were used for the Al analysis. The “Home” and “Admit to Ward”
dispositions have 203,693 (81%) and 45,839 (19%) records respectively. There is no significant
difference between the length of the sentences in the triage notes of the two groups. The median
number of words are 26 and 28 for “Home” and “Admit to Ward” respectively. The maximum
length of the triage notes was 60 words. The accuracy of the model was 83% and the Area Under
the Curve (AUC) was 0.88. The Receiver Operating Characteristic (ROC), which shows the True
Positive Rate (TPR) versus the False Positive Rate (FPR), is demonstrated in Figure 2. Assuming
that “Admit” is positive and “Home” is negative, the detailed performance of the model, including
recall (sensitivity or true positive rate), specificity (true negative rate), precision (positive
predictive value), F1-score (the harmonic mean of precision and sensitivity) and accuracy of both

the Al algorithm and the human experts is presented in Table 2. In predicting the disposition only
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by reading the triage note without any access to the patient demographics or vital signs, the
accuracy of the ED consultant was 78% with a specificity of 77%. Results for the performance of

each emergency physician are shown in Table 3.

4. Discussion

In this study, we designed and implemented an optimal Al-based algorithm to predict patient
disposition with a level of accuracy comparable to that of experienced emergency physicians.
The top-four frequent words in both the groups (“Home” and “Admit”) were similar (see
Appendix 1). This simple analysis confirms that NLP employs more advanced techniques and
statistical analyses to capture the content and meaning of triage notes to predict disposition.
The designed Al algorithm is capable of extracting the context of each triage note to determine
the disposition. We employed deep learning and the BERT model to predict patient disposition

solely based on triage notes.

Medical electronic systems hugely vary between hospitals in different states of Australia. Some
sophisticated systems allow the user, a trained ED nurse in this situation, to input the patient’s
vital signs or other relevant information enclosed with an ED triage note. But older systems allow
adding only free-text triage notes in which the ED nurse can write the patient’s vital signs and
past medical history as free text. Therefore, we decided to purposefully train our algorithm to
use only free-text triage note as an input without considering any other influential parameters
such as age and vital signs. This allows the algorithm to be easily and readily added to most of
the ED electronic records without the need to alter the currently installed system. The reasons
for the improved performance of the Al predictor metrics presented in this paper compared to

Sterling’s study®? can be explained by several factors:
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1) The difference in the datasets generated by triage nurses with different training; for
example, the average length of triage notes reported in Sterling’s work was 64.3 words
(SD = 35.2) while it was 27 words in our dataset (SD = 6.9).

2) The electronic patient record at St Vincent’s Hospital does not allocate a column to add
patients’ vital signs separately. Therefore, this information is written as a free text in the
triage note.

3) While we used data from one centre, Sterling’s study used data from three different
centres. This could potentially result in more complications due to differences in triage
nurse training and the culture of each centre.

4) We applied the BERT model to triage data. Given that BERT significantly outperforms
other available methods,?! we believe that applying BERT is a key factor in predicting
patient disposition with higher performance metrics. To verify this, we applied BOW to
our data and it resulted in an accuracy of 72% and an AUC of 0.77, which is similar to the

metrics reported in Sterling’s work.

The result presented in Table 3 indicates that the Al algorithm is more specific than human
experts. On the other hand, human experts are more sensitive than the Al algorithm, meaning
that their preference is to not miss the “Admit” dispositions. The algorithm is more specific and
less sensitive because the test dataset is imbalanced, and the size of the “Admit” class is

approximately a quarter of the “Home” class.

F1 score is a measure that determines how well a classifier distinguishes between two classes
and is the mean of sensitivity and precision rates. In terms of the Fl-score, the Al algorithm’s
performance is very close to that of the experts. We expect that adding age as a separate
distinctive feature in predicting patient disposition using multi-parameter classification

techniques will further improve the performance of the designed Al algorithm as well as the
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expert performance. The patient history, if available, can be considered in Al models to further

enhance the algorithm performance.

Theoretically, the system should be able to improve the National Emergency Access Target
(NEAT).? Early identification of patients requiring admission will also optimise resource allocation
by streamlining the care and preventing double handling. Furthermore, if a patient is flagged as
“Admit” on arrival to the ED based on this algorithm, the ED nurse in-charge (NIC) can expedite
ED bed allocation for early review. Therefore, bed allocation begins at the time of presentation,

providing the hospital administrators sufficient time to secure a bed.

A potential advantage of the system following improving its performance by considering age
and patients’ history is that it can act as a safeguard against premature discharge. If a patient
is discharged from the hospital within 24 hours of presentation despite the Al system flagging the
case as “Admit”, the discharge planning should be reviewed by a senior clinician to ensure the
safety of the patient and appropriateness of the plan. This process will subsequently promote
quality care. Discharge planning is a complex process requiring inputs from a multi-disciplinary
team consisting of physicians, pharmacists, physiotherapists and allied health clinicians.
Unplanned re-admission costs around 20 billion dollars annually in the US.?2 The figures are not
better in Australia with the cost going up to 431 million dollars for the state of Victoria and 1.5
billion dollars across Australia. Re-admission and utilisation of health care services, such as nurse
or general practitioner visits to facilities, renders the cost-saving measures of premature

discharges ineffective.?

We excluded Emergency Short Stay (ESS) admissions from the database because the model of
care differs amongst hospitals. In addition, our hospital utilises the ESS for both admitted and

non-admitted patients; therefore, making a distinction between these two groups is not possible
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for the Al. Further analysis is required to classify ESS admission to either “Admit” or “Home”

disposition, and then the data can be fed to the Al algorithm.

5. Limitations

This is a single study design to predict admission based on the triage notes. St Vincent’s Hospital
has an acute adult ED with no obstetric and paediatric presentations. Further multi-centre study
is required to evaluate the precision of the designed model in other health care services. We
suspect that, due to differences in the way the triage note is written in different EDs, the Al
system has to be re-trained using the local data to improve its accuracy before implementation.
Besides, it is highly plausible that the performance of the system can improve by the use of a
larger dataset from a multi-centre study. Given that the information of the patient’s vital signs is
written as a free-text in the triage note, the system may identify a pattern between the vital signs
and the disposition. An evaluation of the current trained system using data from other health

services where vital signs are not incorporated in the triage note may be able to clarify this.

6. Conclusion and future work

In this paper, we showed that machine-learning and NLP techniques can be together applied to
the triage note data generated by trained triage nurses at EDs to predict patient disposition with
an acceptable level of accuracy. Further tuning of the algorithm is required to achieve higher
performance. We propose conducting a multi-centre (including hospitals with paediatric
presentations and obstetric emergencies) Al analysis to further evaluate the performance and

reliability of the proposed Al system. Age as well as patient history data can be incorporated to
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further improve the outcome of the model. To use Al algorithms clinically, the ethics of using

digital tools in health care systems should be taken into account.?*
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Appendix I: Insight into data

We depicted a word cloud for triage notes with “Home” and “Admit to Ward” dispositions in
Figures Al(a) and Al(b), respectively. Although there are some differences between the
word clouds of these two outcomes, there is no clear distinction between the two clouds. This
shows that merely keywords are not accurate indicators of patient disposition; therefore,
advanced natural language processing methods are required to make more accurate predictive

models.

Table Al shows the top five words/phrases in the word cloud for “Home” and “Admit to
Ward” classes separately. There is no significant difference between the number of words in
the triage notes with different dispositions. The median numbers of words for triage notes
with “Home” and “Admit to Ward” dispositions are 26 and 28 words, respectively. The
maximum number of words used in a triage note is 60 words for this dataset. As with
keywords, the number of words is not indicative of patient disposition; thus, advanced tools

are required to predict disposition.
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Figure Al1- Word cloud of the triage note data for (a) triage notes with “Home”
disposition and (b) triage notes with “Admit to Ward” disposition.
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Table Al: The 5 words/phrases with maximum frequency in triage notes with “Home” and

“Admit to Ward” dispositions.

Home Admit
Abdo pain Abdo pain
Today Today
Last night Biba
Chest pain Pain

Back pain Post
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Table 1: The parameters used to train the model. “Maximum features” specifies the maximum number
of different words in the dataset. The maximum number of words considered for each triage note is
determined by “maximum length”. Number of training samples used in each iteration is indicated by
“batch size”.

Model parameter Value

Maximum features 50000

Maximum length 64

Classes “Home” and “admit”
Batch size 12

1 cycle learning rate 2x10°
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Table 2: Performance of the Al algorithm compared to expert results.

Al Algorithm Human Experts
Accuracy 0.83 0.78
Specificity 0.86 0.77
Precision 0.56 0.5
Recall 0.72 0.9
F1-score 0.63 0.64
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Table 3: Performance of human experts (E1-E5).

El E2 E3 E4 E5
Accuracy 0.85 0.75 0.75 0.77 0.8
Specificity 0.87 0.69 0.75 0.75 0.78
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Figure 1- The block diagram of the machine learning algorithm
showing the steps of the process.
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Figure 2- The ROC curve of the trained model on the test dataset that shows
the performance of the classifier. The AUC of this curve is 0.88.
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