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Objectives: Electronic Health Records (EHRs)-based surveillance systems are being actively developed for detecting adverse
drug reactions (ADRs), but this is being hindered by the difficulty of extracting data from unstructured records. This study per-
formed the analysis of ADRs from nursing notes for drug safety surveillance using the temporal difference method in reinforce-
ment learning (TD learning). Methods: Nursing notes of 8,316 patients (4,158 ADR and 4,158 non-ADR cases) admitted to
Ajou University Hospital were used for the ADR classification task. A TD(X) model was used to estimate state values for indicat-
ing the ADR risk. For the TD learning, each nursing phrase was encoded into one of seven states, and the state values estimated
during training were employed for the subsequent testing phase. We applied logistic regression to the state values from the
TD(A) model for the classification task. Results: The overall accuracy of TD-based logistic regression of 0.63 was comparable to
that of two machine-learning methods (0.64 for a naive Bayes classifier and 0.63 for a support vector machine), while it outper-
formed two deep learning-based methods (0.58 for a text convolutional neural network and 0.61 for a long short-term memory
neural network). Most importantly, it was found that the TD-based method can estimate state values according to the context of
nursing phrases. Conclusions: TD learning is a promising approach because it can exploit contextual, time-dependent aspects of
the available data and provide an analysis of the severity of ADRs in a fully incremental manner.
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(ADRs) to improve patient safety in relation to the use of
medicines [2]. The active reporting method saves time and
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effort while monitoring ADR cases with medicines that are
not frequently prescribed.

However, most active surveillance systems have used struc-
tured data in EHRs and structured data only account for
about 20% of the total amount of data stored in the health
sector, with the remaining 80% of data consisting of un-
structured natural language text including medical notes and
nursing notes [3]. Substantial amounts of ADR signals are
expressed in nursing notes, which clinicians can use to iden-
tify and interpret potential ADRs [4].

One of the natural language processing (NLP)-based
methods suggested in the previous studies utilizes hand-
picked rules and selected terms that are mostly derived from
external dictionaries in the target domain [5,6]. Another ap-
proach utilizing natural language data is primarily based on
machine-learning and deep learning methods [7,8]. Howev-
er, these methods only produce high precision scores when
they are performed in a laboratory situation. Also, these pre-
vious studies have viewed ADR detection as a static analysis
problem, categorizing a particular phrase of longitudinal text
as either relevant or irrelevant to ADRs. Few ADRs are de-
termined by a single event; rather, they are normally caused
by a series of an indefinite number of ADR-related events.

Temporal difference (TD) learning is the core algorithm
of reinforcement learning that has been successfully ap-
plied to a range of complicated prediction problems [9,10].
One inherent property of TD learning we want to highlight
is “incrementality”, which refers to TD-based methods not
requiring a complete set of data to make a prediction. This
property is desirable for longitudinal data, such as nursing
notes, which should be analyzed electronically. TD learning
has several advantages. It provides continuous analysis, giv-
ing an incremental estimate for every new nursing phrase
stored in an EHR system; the value estimate is based on
time-dependent contextual information, rather than on a
snapshot of the time series data; and it can be used seam-
lessly with continuous feedback.

The goal of this study was to develop a flexible method to
deal with such noisy, longitudinal, time series data, such as
nursing notes. This goal is two fold. One is to predict the oc-
currence of ADRs based on the narrative nursing phrases for
each person. The other is to devise a method for monitoring
the risk of ADRs based on each nursing phrase.

In this paper, we used a TD(A\) model to estimate the state
values of nursing phrases that indicate ADR risks. We ap-
plied logistic regression to the state values from the TD(A)
model for an ADR classification task to predict whether a
phrase was relevant to ADRs. We evaluated the performance

Vol.26 @ No.2 e April 2020

Prediction of ADR Using TD Learning

of our proposed method by comparing it with those of four
other methods: Naive Bayes (NB), support vector machine
(SVM), text-convolutional neural network (CNN), and long
short-term memory (LSTM).

Il. Methods

1. Data Collection and Processing

This study received Institutional Review Board approval from
Ajou University Hospital (No. AJIRB-MED-MDB-17-087).
The data analyzed in this study were derived from the EHRs
of 380,600 patients hospitalized between June 1994 and July
2015 at Ajou University Hospital in Korea. ADR reports were
available for 5,503 patients, of whom 4,158 who could match
the control group were selected as the experimental group.
Control group subjects were selected to match the experimen-
tal group subjects on a 1:1 basis for sex, age (within 1 year),
inpatient department, and hospitalization period (within 1
day).

Table 1 presents examples of the nursing phrases regarding
patients used in this study. The nursing records of the study
subjects comprised 4,625,547 nursing phrases, of which
837,293 were lexically unique (but not semantically unique).
The maximum number of phrases recorded for a single pa-
tient was 10,625, and the mean number of phrases was 421.

Nursing phrases documented before the occurrence of an
ADR were selected. However, because there was no such
reference time in the non-ADR cases, a random time point
was chosen during the hospitalization period, and nursing
phrases documented before that point of time were selected.
Reinforcement learning, NB, and SVM used all nursing
phrases documented before ADR (or before the random
point of time), while text-CNN and LSTM neural network
used 288 and 200 nursing phrases, respectively.

We conducted several experiments of ADR classifications
using narrative nursing notes. For preprocessing, raw Ko-
rean texts materials were POS-tagged, and the words with
POS-tagging were stored (e.g., ‘=% =2 =’ became ‘4
OH’/NNG ‘Z=2’/NNG ‘E’/NNB) and the constructed forms
were stored in a dictionary format with unique index num-
bers. Some of the tokens were removed in the NB or SVM
experimental methods for fine tuning. All experiments were
conducted by coded programs using Python, NLTK, Gensim,
TensorFlow, and scikit-learn (the used codes and appendixes
have been released in https://github.com/Youngsam/adr_
analysis_paper).

www.e-hirorg 105



Eunjoo Jeon et al

2. TD Learning

Our proposed model is presented graphically as two sepa-

rable processes (Figure

1). Figure 1A shows the TD learning

Table 1. Example nursing phrases of a patient

Time

Nursing phrase

2012-06-27 05:55:00

2012-06-27 05:55:00
2012-06-27 06:30:00
2012-06-27 08:00:00
2012-06-27 08:00:00

2012-06-27 08:00:00

2012-06-27 08:00:00

2012-06-27 09:20:00

2012-06-27 09:20:00
2012-06-27 09:20:00
2012-06-27 09:20:00

Education given to patient about deep
breathing technique

Oral care given

Decreasing nausea

Bed rest in place

Maintenance fluids are given (site,
right arm; gage, 28G)

No pain, no swelling, no redness at IV
site

Education given to patient about
dangers of extravasation drugs and
symptoms

No pain, no swelling, no redness at [V
site

Keep fasting

No thirst

Observed symptoms of water shortage

IV: intravenous.
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process of state values for the seven predefined states. Each
nursing phrase is assigned a state index by the trained text-
CNN classifier. If a patient has nursing phrases with a size
of N, there would be N state indexes (e.g., 0, 1,0, 1,6, 5, ...)
for each patient. Our value function involves estimating a
value for each state while looping the sequence of the states
of nursing phrases. In each update, the value function for a
state is changed to represent the expected risk of an ADR for
that state based on the nursing phrases. After the value func-
tion has been trained, the learnt state values can be used for
the ADR classification task. Figure 1B summarizes the entire
procedure of our classification method. Logistic regression
was applied to the validation dataset with the learned state
values from the training dataset, and the logistic regression
classifier was tested on our test dataset. We collected TRUE
or FALSE labels for the nursing phrases for each patient and
used the accuracy to calculate the performance of the meth-
od.

We attempted to define nursing phrases as state indexes us-
ing the categories listed in Table 2. Assigning a state to each
nursing phrase is a difficult but necessary process to make
our prediction fit into the framework of reinforcement learn-
ing. We therefore decided to use a small number of discrete
states and created a supervised classifier that returned the
state index corresponding to a nursing phrase. For the label-
ing of each state index, two experts on nursing informatics

TD
learning

TD
learning

Not ADR

Logistic
regression

TD
learning

TD
learning

UL 00 Iy Q™

Figure 1. Our proposed model as two separable processes: (A) TD learning process of state values for the seven predefined states and (B)
the entire procedure of our classification method. ADR: adverse drug reaction, TD: temporal difference, CNN: convolutional

neural network.
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Table 2. Categories of nursing phrases

Prediction of ADR Using TD Learning

State index Category of nursing phrase Nursing phrase
0 Unknown Patient came back after receiving CT
1 Drug-related Injected Epocelin (1 g)
2 Abnormal reaction Patient is describing skin itching (region, both arms)
3 Doctor related Notified to doctor
4 Subjective response Subjective statement: I feel better”
5 Drug-related and abnormal reaction Patient vomited twice after taking tramadol
6 Subjective response and drug-related Subjective statement: “I feel like throwing up after taking the pill”

CT: computed tomography.

Table 3. Examples of annotated ADR-relevant phrases and event types

Nursing phrase Relevant to ADRs? State index
Invasive procedure performed No 0
No signs of infection: no swelling, no redness, and no pain No 0
Patient reports decreasing headache No 0
No pain, no swelling, no redness at IV site No 0
Invasive procedure performed No 0
No symptoms of infection No 0
No sign of infection No 0
No discharge at the tube insertion site No 0
Measured vital signs: body temperature of 37.2°C No 0
Subjective statement: “I had muscle pain and stiffness after changing my nutrition” Yes 6
Check the content of TPN: Oliclinomel + MVH No 0
Extremities have become stiff and complains about muscular pain Yes 2
Called the doctor: Dr. xxx Yes 3
Dr. xxx ordered to stop injecting fluid and keep under observation Yes 1
Patient reports decreasing pain No 0
Assessed insertion tube: site, abdomen; condition, sound pressure; type, Barovac No 0
Patient has been fasting for 2 days No 0

ADR: adverse drug reaction, IV: intravenous; TPN: total parenteral nutrition.

analyzed the datasets of 298 randomly selected patients with
reported ADRs. In the dataset, 347 ADR-relevant phrases
were found from among a total of 15,642 phrases, and these
were categorized into seven types (Table 3 provides examples
of the annotations). To train a classifier for the categoriza-
tion, we constructed a dataset of 542 phrases by combin-
ing 347 ADR-relevant phrases and 195 non ADR-relevant
phrases selected randomly from 15,295 phrases. The entire
dataset was divided into training, validation, and test sets at
a ratio 8:1:1. We used the text-CNN model of Kim [11] to
classify each nursing phrase into one of the seven categories.
We used the same hyperparameters as Kim [11] with early
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stopping and obtained accuracies of 95% for the test set.

Due to the unreliable time delay of the ADR reports, we
applied a practice used in reinforcement learning called “re-
ward shaping”, whereby additional training rewards are used
to guide the learning agent [12]. In our implementation of
reward shaping, nursing phrases of all states except 0 or 1
received 1 as the reward. In addition, a reward of 1 was given
for a phrase at the time when the official ADR code was re-
ported via a different channel of the EHR data. If a patient
had not received any ADR report until discharge, a reward
of -1 was given. Figure 2 graphically presents the general
process. Regarding reward assignments, we defined that
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ADR 0 0 1 1 1 1
patent| (O~~~ )~(2)~(»)

Non-
ADR

0 0 1 1 1 -1| Dis-charge
020,200,020
patient ADRs

Figure 2. The general process of reward shaping.

every transition to the state of 1 would receive a reward of
0 based on a report that ADRs rarely occur when drugs are
prescribed.

Logistic regression was adopted to utilize the predicted
state values for the ADR classification task, which involves
taking the average prediction value for each patient and re-
turning the corresponding label (ADR or non-ADR). The
data were divided into training, validation, and test sets
(ratio 8:1:1), which contained 6,652, 832, and 832 subjects,
respectively. All of the phrases were substituted with seven
categories using the pretrained classifier following the proce-
dure described above. The state values were estimated using
the training set, and the logistic regressor was trained using
the validation set. The accuracy of the logistic regression was
obtained by comparing it with the test set. We experimented
with three types of eligibility tracing (replacing, accumulat-
ing, and Dutch) and assigned two hyperparameters (0.1 for
the discount rate and 0.3 for the trace-decay rate).

3. Other Methods

As previously mentioned, NB and SVM used all nursing
phrases documented before ADR, while text-CNN and
LSTM neural network used 288 and 200 nursing phrases,
respectively. The dataset was split in the same as that in the
previous procedure.

1) Naive Bayes

About 9,000 unique phrases that appeared more than 20
times were selected as features for a NB classifier. This type
of classifier is a simple probabilistic classifier based on Bayes’
theorem with strong (naive) independence assumptions
between the features. To use the full potential of the model,
information gains were utilized to determine the n-best fea-
tures using a grid-search method. This search method yield-
ed the best set of features comprising 3,700 phrases, which
were used to classify the test dataset.

2) Support vector machine

This study used two SVM models: a linear SVM model
and a radial basis function (RBF) SVM model. The nursing
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phrases of each patient were preprocessed with TF-IDF (term
frequency-inverse document frequency) vectorization, and
the processed features were employed for the SVM classifier.
To maximize the performance, grid searching was used to
find the best hyperparameters for the method. The optimal
minimum document frequency was 5, and the best propor-
tion for the maximum document frequency was 0.5. For the
RBF SVM setting, a value of 0.1 was used for the parameter
of gamma and an integer, and 5 was used for the decision
boundary parameter.

3) Text-CNN

We implemented a text-CNN model for our task by replac-
ing the input vectors of words with vectors of nursing notes.
In the model of Kim [11], each word in a sentence is treated
as a k-dimensional vector, and the sentence is represented as
the concatenation of the word vectors. Convolution opera-
tions with various filters are then applied to the concatena-
tion, which yields a set of feature maps that are passed with
maximum pooling to a fully connected Softmax layer whose
output is the probability distribution over labels.

We used a paragraph vector model for sentence embedding
and compared the results with those in the lookup embed-
ding condition [13]. We set the dimension size of embedding
as 200 to make it compatible with the text-CNN input size.
Text-CNN’s parameters included the filter sizes of 3, 4, and
5; number of filters of 128; dropout probability of 0.5; batch
size of 64; and number of epochs of 20. Applying the text-
CNN model to our task required the size of the longitudinal
nursing phrases to be fixed to the manageable length of 288.

4) LSTM

The LSTM method [14]—which is a variant of recurrent
neural network models—utilizes LSTM as the classifier
for a sequence of nursing phrases due to its robustness in
dealing with long-sequence data. Similarly, the text-CNN
method was used with two types of embedding methods
(naive sentence encoding vs. pretrained paragraph vectors),
and a sequence of 200 phrases before the time point when
an ADR was reported was used for the input, while a series
of 200 nursing phrases was randomly selected in non-ADR
cases. The parameters used in the LSTM classifier were the
LSTM cell size of 256, number of LSTM layers of 2, dropout
probability of 0.5, batch size of 64, learning rate of 0.01, and
number of epochs of 7.

https://doi.org/10.4258/hir.2020.26.2.104
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Figure 3. The concrete results obtained from the temporal differ-
ence-based predictions in Table 3.

I1l. Results

1. Estimation of State Values by TD Learning

Figure 3 displays the concrete results obtained from the TD-
based predictions in Table 3. Figure 3 shows that the state
value for a phrase with an index of 0 (unknown phrase)
increased slightly immediately before one with an index of 6
(subjective response and drug-related phrase), which repre-
sents a clear sign of bootstrapping. Thus, the occurrence of
ADR-relevant events within a narrow window of time will
produce a sharp temporal increase in the state values over
that period, thereby providing information about changes in
the ADR risk.

2. Accuracy of TD-Based Logistic Regression

The performance of TD-based logistic regression was mea-
sured based on the accuracy of ADR and non-ADR cases.
Prior to the main evaluation, we investigated the effects of
hyperparameters, such as the discount rate (y) and trace
decay rate (A) based on the results obtained in the experi-
ments with parameter settings of 0.1 for the learning rate, 0.1
for the discount rate, and 0.3 for the trace-decay rate. The
results for various types of eligibility traces in the TD learn-
ing method were 0.51 for replacing, 0.61 for accumulating,
and 0.63 for Dutch traces. The score was highest for Dutch
traces, which were recently introduced in the literature on
reinforcement learning [10].

The accuracies of all the methods used in this study are
presented in Table 4. The accuracy was highest for NB (0.64)
and was comparable for the TD-based method and SVM
(0.63). The text-CNN method, which used non-pretrained
and pretrained embedding, exhibited an accuracy of 0.58,
and the LSTM model with non-pretrained embedding ex-

Vol. 26 ® No.2 e April 2020

Prediction of ADR Using TD Learning

Table 4. Accuracies of various methods for ADR prediction

Method Accuracy
TD-based logistic regression 0.63
Naive Bayes 0.64
SVM (linear) 0.63
SVM (RBF) 0.63
Text-CNN 0.58
Text-CNN with pretrained embedding 0.58
LSTM 0.61
LSTM with pretrained embedding 0.57

ADR: adverse drug reaction, TD: temporal difference, SVM:
support vector machine, RBF: radial basis function, CNN: con-

volutional neural network, LSTM: long short-term memory.

hibited a higher accuracy (0.61), while the performance of
the LSTM with pretrained embedding showed the lowest
accuracy (0.57) of all of the methods. It was found that using
pretrained embedding did not improve the accuracies of the
text-CNN and LSTM models.

IV. Discussion

In this study, we experimentally assessed various well-known
methods for the analysis of potential adverse drug events.
Although the TD learning methods did not show the best
performance, the TD-based predictions seemed to be at least
comparable to those obtained using NB and SVM methods.
As noted in previous researches [2,3], we observed that
ADR-relevant phrases include both major ADRs (e.g., hema-
tologic toxicity, hematuria, and seizure-like symptoms) and
minor ADRs (e.g., cough, nausea, and itching). This hetero-
geneity seemed to make predictions of adverse drug events
very difficult for all the experimental methods in general.

TD-based methods are based on incremental learning;
thus, they are easy to apply to the incremental monitoring
of events such as ADRs. Other supervised methods can, of
course, be utilized to predict ADRs using real-time data,
but the principles of the approaches do not fully exploit the
properties of adverse drug events, which are highly contex-
tualized and temporally dependent. Also, most deep learn-
ing methods must split input data when the size of the data
is too big to handle. In particular, recurrent neural network
(RNN)-based models still have difficulty capturing long-
term dependencies in sequences [14]. TD learning methods
take advantage of these features since they are designed to
use the context in making predictions [15].

Transforming raw nursing phrases into seven classes sig-
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nificantly reduced the computational complexity of the task
in this study. Although this involves a very laborious annota-
tion process, it makes the simple application of TD learning
possible. Because we predefined classes of nursing phrases,
we could utilize the technique of reward shaping [12], which
is a convenient heuristic for reinforcement learning. The im-
plementation of reward shaping was unavoidable because the
EHR data could not provide sufficient information for the
method we used. Our manual observations of the raw data
revealed that ADRs are often underreported, which implies
that many ADR-relevant phrases were not documented in
the datasets of non-ADR cases. This observation agrees with
research that has shown that only 6% to 10% of all ADRs are
reported globally [16].

In this study, the event classes were not obtained automati-
cally; thus, manual annotation of the nursing phrases and
standardization of the nursing notes into diverse semantic
groups were required. Although knowledge-free systems
are often preferred because of their convenience, we think
that our knowledge-based systems have some benefits. This
solution seems to be a better approach because it guaran-
tees highly accurate event representations and can be ex-
tended with external databases. Mapping all recorded nurs-
ing phrases to standard terminologies, such as ICNP and
SNOMED-CT, will allow various machine-learning methods
to be used to analyze nursing phrases, thereby making the
data more useful. The annotations will be more effective if
they are combined with logical inference-based prediction.
In the future, we believe that such a knowledge-based ap-
proach in reinforcement learning will be preferred to model-
free reinforcement learning methods due to its expandability
to existing knowledge resources.

In conclusion, we introduced a novel architecture of TD
learning for the analysis of nursing notes in this paper. Many
practical problems of the TD learning method have been ex-
plained, and the proposed solutions have been investigated
with the aim of determining adequate parameters for practi-
cal applications. The TD model can be used for monitoring
of nursing notes, and the results obtained for its predictive
power in evaluating an ADR classification task showed that
the performance of TD-based methods is comparable to
those of other machine learning-based methods, while tak-
ing advantage of incremental learning.
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