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Abstract: Machine learning techniques are increasingly being applied to clinical text that is already
captured in the Electronic Health Record for the sake of delivering quality care. Applications for
example include predicting patient outcomes, assessing risks, or performing diagnosis. In the
past, good results have been obtained using classical techniques, such as bag-of-words features,
in combination with statistical models. Recently however Deep Learning techniques, such as Word
Embeddings and Recurrent Neural Networks, have shown to possibly have even greater potential.
In this work, we apply several Deep Learning and classical machine learning techniques to the task of
predicting violence incidents during psychiatric admission using clinical text that is already registered
at the start of admission. For this purpose, we use a novel and previously unexplored dataset from the
Psychiatry Department of the University Medical Center Utrecht in The Netherlands. Results show
that predicting violence incidents with state-of-the-art performance is possible, and that using
Deep Learning techniques provides a relatively small but consistent improvement in performance.
We finally discuss the potential implication of our findings for the psychiatric practice.

Keywords: machine learning; Electronic Health Record; violence assessment; deep learning;
bag-of-words; Support Vector Machine; Word Embeddings; Recurrent Neural Network

1. Introduction

A majority of health care providers currently digitally stores data that has been captured for the
sake of delivering care in an Electronic Health Record (EHR) [1,2]. Subsequently, health care providers
have started exploring these historical datasets to improve the quality of their care [3,4]. Applying
machine learning techniques to the various data that are gathered can, for instance, offer new insights
into the etiology of disease, provide decision support to clinical professionals in the care process, aid
in performing diagnosis, and improve the operations of a health care institution [5-8].

The structured data in a patient record (e.g., diagnosis, medication, lab measurements) are
relatively straightforward to analyze using well-known and well-researched statistical methods,
in practice however, a lot of information in EHR is captured in an unstructured free text form that is
more difficult to analyze [9,10]. Despite this difficulty, the merits of utilizing clinical text for research
purposes are currently being discovered in many areas of research, such as adverse event detection,
phenotyping, and predictive analysis (e.g., [11-14]). These approaches use well established methods
for classification of text like bag-of-words and n-grams for representing text, and Naive Bayes and
Support Vector Machine models for classifying text.
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Although good results have been obtained with these approaches, novel Deep Learning
techniques, such as Word Embeddings and Recurrent Neural Networks, have emerged recently,
challenging the superiority of these classical approaches. Recent advances have subsequently enabled
applying Deep Learning techniques to Natural Language Processing (NLP) problems. Most notably,
the introduction of the word2vec [15] and paragraph2vec [16] algorithms for learning representations
of text have improved state-of-the-art results in several NLP tasks [17,18]. These Deep Learning
techniques are currently also being applied to clinical text, for example by Suresh et al. [19] who
included clinical text among other data types in predicting the effect of clinical interventions
for Intensive Care Unit patients. Miotto et al. [20] introduced Deep Patient, a dense vector
representation of a patient through time that is partially based on clinical text, based on which
good predictions of developing several diseases can be made. Other approaches have focused on
extracting medical concepts [21], Named Entity Recognition [22], or de-identification of medical
text [23]. These approaches show that Deep Learning techniques applied to clinical text can yield
state-of-the-art results in several cases. However, whether this generalizes to other clinical datasets,
for example in different medical domains or in datasets with different sample sizes remains unclear.

In this work, we present a new case, comparing Deep Learning and classical machine learning
techniques applied to classification of clinical text. We do so by performing an experimental evaluation
of several techniques for representation and subsequent classification of text, applied to a novel and
previously unused dataset from the Psychiatry Department of the University Medical Center Utrecht
in The Netherlands. The task of this classification problem is to predict which patients will show
violent behavior during their admission, based on clinical texts that are available at the start of their
admission. Assessment of violence risk is a problem that causes a high burden for both patient and
hospital staff. It has been described well in psychiatry literature, but has never been approached by
applying machine learning techniques to EHR data.

Related Work

Applications of Deep Learning methods to the EHR are already numerous, both using structured
data such as medication prescriptions, diagnosis and billing codes, and lab measurements, as well as
using unstructured medical images. They are used for instance to perform information extraction,
representation learning, prediction, phenotyping, and de-identification [24]. Gulshan et al. [25] applied
a deep Convolutional Neural Network to detect diabetic retinopathy in images of the retina, showing
that the judgment of licensed ophthalmologists can be matched, while Esteva et al. [26] used the
same type of neural network to classify types of skin cancer with performance that matches that
of board-certified dermatologists. Another approach by Lipton et al. [27] using Recurrent Neural
Networks managed to diagnose the most common conditions in Intensive Care Unit patients better
than several baselines using irregularly performed measurements. Hammerla et al. [28] applied
Restricted Boltzmann Machines to data from wearable devices, outperforming other methods of
monitoring the state of patients with Parkinson Disease. In addition, other different approaches
applied to various types of structured clinical measurements exist (e.g., [29-32]).

Violence from patients directed at staff or other patients is seen in almost any psychiatric treatment
facility. Iozzino [33] reports the prevalence of a violence incident happening during admission in
35 different facilities, which lies between 2% and 44%, averaging 17% over these different sites.
Individual patient factors that are associated with violence risk, such as a history of substance
abuse and a history of violent behavior are well described (e.g., [34-38]). Meta analyses, however,
reveal that only a small amount of these factors is found to be robust when comparing the results
of various studies on different populations [39,40]. The task of predicting the occurrence of violence
incidents has been shown to be even more challenging, especially when no structured instruments
are used [41]. Psychiatrists in training for example do not perform much better than random at
this task with an Area Under Curve (AUC) of the Receiver Operator Curve of 0.52, while using a
structured instrument improves the performance (AUC = 0.67) to the level of a trained psychiatrist
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(AUC =0.71) [42]. A substantial proportion of health care professionals therefore makes use of risk
assessment instruments [43], of which the Violence Risk Appraisal Guide [44], Structured Assessment
of Violence Risk in Youth [45], and Historical Clinical Risk Management-20 [46] are most commonly
used [47]. A meta study by Sing et al. [48] reports that the median predictive performance of these three
instruments falls in a relatively narrow range between 0.70 and 0.74 AUC, showing that prediction of
violence incidents is possible with moderately good results. There is however also a large variation in
performance of these instruments over different sites [49]. It seems that the heterogeneity of psychiatric
patient populations inhibits straightforward generalization of measuring instruments’ predictive
performance to other treatment facilities. This has caused serious discussion, and sometimes even
skepticism on the usability of these instruments in practice [50,51]. Given that these instruments are
furthermore considered to be time-consuming and thus expensive [52], predicting violence incidents
from clinical text that is already registered could be considered an important contribution to the field
of personalized medicine [53]. In this work we therefore apply several machine learning techniques to
this problem, in order to determine if prediction of violence incidents from EHR data is possible, and if
so what Deep Learning or classical techniques should be applied.

2. Materials and Methods

In this section, we describe the used dataset and operationalize the prediction objective, elaborate
on the various Deep Learning and classical techniques that are applied to the prediction problem,
and describe the experimental setup. An overview of the proposed dataset and method, along with an
example case is visible in Figure 1.

/ 1. Integrate dataset \ /
Example case

p
- - N
2,521 psychiatric admissions Psychiatric admission
- T Patient admitted on June 1st
Text notes after first day: 4
- | I ~ Incidents within 30 days: 1 y
f 25,942 text -(é- 1,248 violence
notes at start of incidents during
admission admission N
\\ J/ '& Incident reports
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4. Assess performance
1. Optimize hyperparameters with random search
2. Assess performance with 5-fold cross validation

Figure 1. An overview of the proposed steps involved in comparing deep learning and classical
machine learning techniques. On the right, a fictional example admission is shown. The details of the
admissions in step 1 can be seen in Table 1. All text representations in step 3a are visible in Table 2,
and the classification models of step 3b are shown in Table 3.
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2.1. Prediction Objective

A relevant dataset for the prediction task was obtained from the Psychiatry Department of the
University Medical Center Utrecht (UMCU) in The Netherlands. This psychiatry department consist
of six inpatient units, where patients with different medical histories are admitted, each with their own
focus on different patient populations, diagnoses, and treatments. The department delivers secondary
care to patients with severe but general psychiatric symptoms, and tertiary care to patients with
more complex symptomatology or comorbidities, ensuring a diverse population. Admissions from all
six units between 2013 and 2016 were included in the dataset, resulting in a total of 2521 admissions
from 1796 unique patients, including readmissions and transfers between different units. In all six
units, mandatory reporting of violence incidents by one of the health care professionals involved in
the incident took place. Typically, these incidents concerned violence from patients directed at staff or
at other patients, including both verbal and physical aggression. In the relevant time period, a total of
1267 violent incidents were reported. After excluding incidents that did not involve a patient that was
admitted at the time of the incident (n = 19), for example incidents that involved visitors rather than
the patient or incidents that happened after dismissal of a patient, a total of 1248 incidents remained.
Some descriptive statistics of the dataset per unit can be found in Table 1.

Table 1. Some descriptive statistics of the six inpatient units. An admission is classified as violent if at
least one incident occurs between the second and 30th of admission.

. . . Type of No. Violent
Unit Population Type of Unit Ad}I;PiSSiOII Admissions Admissions (%)
1 Adult Closed Planned 307 3.6
2 Adult Closed Acute 1047 75
3 Child, adolescent Closed Acute 415 13.7
4 Adolescent, adult Closed Planned 428 14.3
5 Child Closed Planned 139 34.5
6 Child Day treatment Planned 185 17.3

We define the prediction objective as follows: predict for which admissions a violence incident
will occur in the first 30 days, based on clinical texts that were written up to and including the first
day of admission. Since in many admissions, relevant information was not discovered and written
down until the day of admission, especially in acute admissions, the prediction task did not include
violence incidents on the day of admission. Although an number of incidents that was not negligible
occurred on the day of admission, exploratory analysis showed that at that point in time, insufficient
data was available to make a prediction. The interval of 30 days was furthermore chosen so that the
prediction was specific, while the majority of incidents were included in the prediction, given that
the mean duration of admission was 40.3 days. In total, 81.9% of incidents happened during the first
30 days of admission, and it could be verified in Figure 2 that the amount of incidents diminished
over time. To be in line with literature on this topic, we will use the Area under Curve (AUC) of the
Receiver Operator Curve to report the performance of the prediction.

2.2. Text Dataset

Much of the clinically relevant information was entered into the EHR in free text format, either by
psychiatrists or nurses. These text entries typically contained between 100 and 500 words and were
respectively referred to as doctor notes and nurse notes. The doctor note dataset comprised 11,067 notes
at the start of admission, that mainly contained information, such as patient history, current treatment
(e.g., types of medication and therapy), and changes therein. The nurse note dataset contained
14,875 notes at the start of admission that are written three times a day by trained nurses about all
admitted patients, and typically reflected the current wellbeing and activities of a patient. The complete
corpus of doctor and nurse notes (i.e., all notes written before, during or after admission) in the same



Appl. Sci. 2018, 8, 981 5o0f 14

time period was also made available, totaling 1,015,931 doctor and nurse notes combined. All notes
are de-identified using the De-identification Method for Dutch Medical Text (DEDUCE) [54] before
any other processing took place. The subset of notes that was available at the start of admission served
as input for the prediction problem, while the entire corpus of notes were used to learn representations
of text.

12

10

Percentage of first incidents occurring on this day (%)

HNMT N e o ANN YRR ARRN AN NRRBARANNRRARERRRASITIIILES SRR
Day of admission
Figure 2. Day on which the first violence incident occurred as percentage of the total number of first

incidents, cutoff after day 50. For instance, it can be verified that if violence occurs during an admission,
the first incident happened on the fifth day of admission roughly 6% percent of the time.

2.3. Text Representations

In order to apply classification models to these texts, a suitable numerical representation is
needed. Below, we describe the representation techniques that we applied to the texts. Parameters and
settings of these methods were selected based on available literature. In all representations, stop words
as a single token were omitted, and where relevant the Natural Language Toolkit (NLTK) Dutch
sentence tokenizer [55] was used to tokenize text. An overview of these text representations with the
instantiations of their parameters is presented in Table 2.

First of all, the most common classical technique for representing text is a bag-of-words approach,
where documents are represented as vectors of size equal to the dataset vocabulary, encoding the
presence or absence of vocabulary terms. This technique that is used in many NLP and Information
Retrieval (IR) applications represents documents or sentences as a multiset of their words, disregarding
any grammar and word order. A possible addition to this is the use of n-grams, i.e., not only to
incorporate single terms in the vocabulary, but also frequent sequences of n terms. Finally, multiplying
the Term Frequency with the Inverse Document Frequency of a term, a technique usually referred to as
tf-idf weighting, can be used to assess the relative importance of terms in a document. The performance
of binary bag-of-words or bag-of-words with tf-idf weighting seems to be dependent on the type of
data and type of modeling technique used [56]. Since tf-idf weighting in some cases has a benefit over
binary weighting, we evaluated both representations. In both cases we added bi- and trigrams to the
representation, which has been demonstrated to have a positive effect on performance, while adding
higher order grams can deteriorate performance [57]. Most algorithms perform best with a number of
features that is smaller than the number of examples, and using a vocabulary that is too large will lead
to worse performance due to overfitting [58,59]. To balance between a representation that is too small
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or too large, which both has negative consequences for performance, we limited the vocabulary size to
the 1000 most frequent terms.

One disadvantage of the bag-of-words approach is that information in documents is lost, such as
the order of words and negations in a sentence. Moreover, the bag-of-words vectors represent these
documents by counting the frequency of words, disregarding any meaning of words or similarity
between them. Recent advances in Deep Learning have been able to mitigate this problem, most notably
by the introduction of the word2vec algorithm by Mikolov et al. [15], allowing representation of text
as a dense vector in a high dimensional space. The word2vec algorithm that learns embeddings
for words was later extended with the paragraph2vec algorithm [16] that allows representation of
arbitrary-length sequences of words. We used the word2vec and the paragraph2vec algorithms to
learn text embeddings, respectively on the word and document level. Before training these embedding
models, text was preprocessed by mapping special characters to their ascii counterparts, transforming
the text to lowercase and by removing any remaining non-alphanumeric characters. The models
were trained on the entire dataset of doctor and nurse notes, which comprised a total of just over one
million texts. Only words with a minimum frequency of 50 were included, in order to filter out very
uncommon words and infrequent misspellings, as well as to speed up the learning process and to
prevent overfitting. We used a typical model size of 320 nodes, and set the number of training epochs
to 20. Model performance was shown rarely to decrease with increasing values for these parameters,
yet the expected gain for increasing them more appeared little [60].

Table 2. The different types of text representations and the values of the parameters used.

Representation Parameter Value
Weighting binary, tf-idf
Bag of words N-gram range 1-3
No. features 1000
Level word, document
. Model size 320
Text embeddings Min frequency 50
Epochs 20

2.4. Classification Models

As described in Section 2.2, the input data of the machine learning problem was a sequence of notes
that is present in a patient’s EHR. We applied several models to the prediction task, which required a
representation as described in Section 2.3 as input, either as a sequence or as a single representation.
For each model we used a setup or architecture that is relatively straightforward and used in other
literature. An overview of all models is presented in Table 3, along with the hyperparameters that are
optimized. All other hyperparameters were fixed, for which a rationale is provided below.

The most commonly used statistical models that are applied to text classification include
Neural Networks, Bayesian Classifiers, Support Vector Machines, and Decision Trees [61,62].
Although pattern-based classifiers and k-nearest-neighbors type classifiers have also been applied to
text classification, we did not apply them in this work because of their difficulties with imbalanced
datasets and difficulties with estimating probabilities that are needed for computing the AUC,
respectively. For Neural Networks, we considered a three-layer feed-forward Neural Network as used,
for example by Rajan et al. [63]. The Naive Bayes algorithm is very commonly used and has been
shown to obtain good results, for example by Deshpande et al. [64], providing a good instantiation
of a Bayesian Classifier. For Support Vector Machines, we considered a standard model with either a
linear or radial kernel, which typically obtained the best results for text classification [65,66]. We used
the CART algorithm finally to obtain a Decision Tree of which the depth and the number of features to
consider when splitting could be controlled [67].
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The models mentioned above have already proven their merits in text classification, novel Deep
Learning techniques however, have recently acquired the attention of the NLP community (Lee, 2016).
An additional benefit of these techniques is that they can take sequences of text as input, making
use of a richer representation of the input. Firstly, Recurrent Neural Networks (RNNs) work by
processing a sequence of inputs one-by-one, adjusting its internal state at each step. Based on each
input, an output is computed, which serves as input for the next step along with the next item in the
input sequence. In our case, only a classification label was desired as output, making a many-to-one
RNN setup appropriate. In this setup the sequence of texts was processed sequentially, providing an
internal encoding of the input, after which the binary outcome was determined based on this encoding.
In our setup a unidirectional RNN with dropout regularization was used, and we will instantiate the
recurrent cell of the RNN with both a Long Short Term Memory (LSTM) and Gated Recurrent Unit
(GRU), applied for example in [68,69]. Secondly, Convolutional Neural Networks (CNNs) compute
a similar mapping in a different way. CNNs are most commonly applied to image or video data
(i.e., sequences of two or three dimensions), yet they are also applicable to text data (a sequence of
one dimension). They work by applying a sliding window to a sequence using the convolutional
operator, which is able to automatically learn higher-order features. This is done by sliding a kernel
with randomly initiated weights over the sequence, after which it automatically updates its weights
to learn from each example. One possible advantage of CNNs over RNNss is that in RNNSs, the last
items in a sequence have a relatively high impact on the outcome, while CNNs do not exhibit such a
bias. We used a straightforward setup with a Convolutional layer, followed by a Dropout layer and a
Max Pooling layer, after which a single fully connected layer determined the output from the previous
layers, such as used in [70,71]. Both the RNN and the CNN were trained for 50 epochs.

Table 3. An overview of Deep Learning models that take a sequence as input, and classical models that
require a single input, along with the relevant hyperparameters that are tuned.

Model Hyperparameter Range
Recurrent Learning rate 10-5-101
Neural Cell type GRU, LSTM
Network Layer size 2428
Dropout rate 0.5-0.9
Learning rate 1072101
) No. filters 2408
Convolutional . .
Filter size 3-7
Neural Pooling size 2-7
Network Dropout rate 0.5-0.9
Fully connected layer size 2428
Learning rate 10-5-101
Neural Network Layer size 2428
Regularization constant 10-5-101
Naive Bayes N/a -
Gamma 10-5-101
Support Vector Machine C 10-5-101
Kernel linear, radial
Max depth 2104
Decision Tree Max features 0.25-0.75
Min samples split 21_p4

2.5. Experiment Setup

All text representations in Table 2 were combined with all classification models in Table 3
to experimentally evaluate the performance of each pair. To be able to apply classical models to
sequential data, the input sequences needed to be aggregated into a single vector. For the bag-of-words
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approaches, all texts in the sequence were concatenated, after which the bag-of-word features were
computed. For the word and document embeddings, the sequence of vectors was averaged to compute
a single vector for each instance. We used 5-fold stratified cross validation to compute the performance
of each combination, measured by the AUC, along with its standard deviation. For finding the optimal
hyperparameters we used a random search, as suggested by Bengio [72]. The hyperparameters were
sampled from either a uniform or a log uniform distribution with a typical range that can be seen in
Table 3, and a total of 250 random parameter samplings was used for each evaluation.

3. Results

The results of the experimental evaluation can be seen in Table 4, and the optimal hyperparameters
have been included in Table Al in Appendix A for completeness. It can be seen that the best prediction
was obtained by combining Document Embeddings with a Recurrent Neural Network, closely followed
by Binary Bag of Words with a Recurrent Neural Network and Document Embeddings with a Support
Vector Machine.

Table 4. The performance for optimal hyperparameter values for each of the representations combined
with the models, based on a 5-fold stratified cross validation. The performance is measured in AUC,
along with its standard deviation. The best performance over different models is marked with an ?,
the best performance over representations with a °.

Bag-of-Words Bag-of-Words . Document

Model “Binary ® tiat Word Embeddings  pp,0ddings
RNN ! 0.771 + 0.018 b 0.753 + 0.031 0.654 + 0.043 0.788 4+ 0.018 &b
CNN 2 0.729 + 0.030 0.716 + 0.038 0.684 + 0.038 0.763 £ 0.024 2
NN 3 0.727 + 0.033 0.717 £ 0.038 0.751 + 0.036 2 0.745 =+ 0.022
NB 4 0.686 + 0.026 0.704 + 0.034 2 0.700 + 0.051 0.692 + 0.046
SVM 5 0.759 + 0.040 0.756 + 0.036 P 0.764 + 0.024 b 0.770 £ 0.029 2
DT 0.727 £+ 0.018 2 0.719 £ 0.041 0.685 + 0.041 0.665 =+ 0.035

1 Recurrent Neural Network; 2 Convolutional Neural Network; 3 Neural Network; * Naive Bayes; > Support Vector
Machine; ¢ Decision Tree.

From the perspective of the different representations, the weighting scheme of the Bag-of-words
approach did not result in a clear difference in performance between different models, and neither was
there a strong difference in applying the text embeddings on the word level or the document level seen.
Overall however, text embeddings resulted in better performance than the bag-of-words approaches.

Of the classical models, the Naive Bayes algorithm, which despite its simplicity, often yield
good results in text classification, is in this case, it was not among the top performing algorithms.
Decision Trees were able to perform slightly better, but also could not match the performance of
the other algorithms. A possible explanation for this is that these models were relatively simple,
and they were not able to find the relatively complex patterns that were needed to accurately assess
violence risk. The Neural Network algorithm showed better results, especially in combination with the
text embeddings, and a clear difference between Bag-of-words representations and Text embedding
representations could be seen. The Support Vector Machine finally was able to predict violence
incidents in the first 30 of admission days best of the four classical models, with just a marginal
difference in performance over different representations of text.

For the two Deep Learning models, it can be seen that, especially the RNN, outperformed several
of the classical models. RNNs outperformed CNNs for this classification task as well, with a similar
margin over different text representations. The AUC scores were however among the lowest when
Word Embeddings were used for representing text, while these did not cause a decrease in performance
for the classical models, suggesting that they did contain the information that was needed to assess the
violence risk. Despite the fact that a sequence of Word Embeddings is a richer representation than the
average over these Word Embeddings, the fact that the length of the input sequence was no longer
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proportional to the number of instances might provide difficulties in practice. In this case, given the
computational resources and dataset size, the classical models were able to handle the condensed
word embedding averages better. Both Deep Learning models performed best when combined with
Document Embeddings, resulting in the overall optimal performance of 0.788 AUC, followed by the
two bag-of-words representations.

4. Discussion

The results of the experimental evaluation in Table 4 show the best result was obtained by
combining Document Embeddings with a Recurrent Neural Network, although the difference with
different methods was relatively small, and in some cases, smaller than the standard deviation.
Despite these small differences, it can also be seen that most of the top performing methods either
used text embeddings for representing text or a Deep Learning model for classification. Although
Deep Learning techniques did not exclusively lead to good classification results, they did give a small
but consistent advantage in performance. In most research, Deep Learning methods are superior
in large datasets, this research shows that Deep Learning methods can even start to outperform
classical methods in modestly sized datasets. While near-optimal performance can be achieved with a
bag-of-words approach combined with Support Vector Machines, applying Deep Learning techniques
to clinical text datasets of this size will be especially beneficial in performance-critical applications.
One advantage of using classical techniques on the other hand is the reduction in training time
compared to Deep Learning techniques. Although the training time of Deep Learning techniques
on a dataset of this size is not inhibitive, training a SVM, for instance, can in this case be up to an
order of magnitude faster than training a RNN. The difference in classification time was negligible.
For the Deep Learning models on the other hand, no optimization of the network architecture was
done, and a relatively large number of hyperparameters was optimized with a constant number of
hyperparameter samplings. Additional computational resources and experimentation with network
setup might further improve the performance of the Deep Learning models, while a similar gain is not
expected for classical techniques.

One possible limitation of the experimental evaluation was the 5-fold cross validation strategy for
validating the model performances. Since several combinations of text representations, classification
models and parameter settings have been evaluated, some degree of overfitting cannot be prevented.
As a result, a small bias may exist in the optimal outcome of 0.788 AUC, which does not influence the
comparison, but does inhibit regarding this as a definitive result for the health care practice. Additional
research is needed to precisely establish to what level of accuracy risk assessment can be performed in
an automated way using clinical text. On the other hand, adding structured variables from the EHR,
such as medication use, diagnosis and patient demographics, as well as increasing the sample size are
future research directions that may be able to further improve the result.

The results of the performed experiments finally have some implications for the assessment
of violence risk in the psychiatric practice as well. As described in the introduction, the most
commonly used violence risk assessment instruments show a median AUC between 0.70 and 0.74
when measured in a meta study over different sites [48]. Although higher AUC scores have been
reported in individual studies, lower scores have been reported as well, indicating that the performance
of these assessment instruments is not very generalizable to other patient populations or healthcare
institutions. Our machine learning approach, which achieved an optimal AUC of 0.788 on a patient
sample size that is comparable to the combined meta study sample sizes for each of these instruments,
shows that assessing violence risk from clinical text in the EHR is a very promising approach. The main
advantages of this approach over existing risk assessment tools is that the assessment can be specifically
tailored to the population of an institution, and that it can constantly be adjusted over time. This also
allows measuring the performance of the method on the relevant clinical population. The assessment
can furthermore be automatically performed based on already available clinical data, thus saving
time and cost without sacrificing assessment accuracy or imposing significant changes in the clinical
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process. Although the experiment setup necessitates some further research to fully establish to which
extent prediction of violence using EHR data is possible, our research shows that this approach is
promising and that in the future it can provide an important novel addition to the field of violence
risk assessment.

5. Conclusions

Violence during psychiatric admissions is a problem that causes a high burden for both patients
and hospital staff. Although several of its associated individual factors are known, and structured risk
instruments for assessing the risk are available, meta studies reveal that generalizing these individual
factors or instruments to other populations is not always straightforward. In this work, we investigated
whether automatic assessment of violence risk is possible with textual data that is already captured in
an Electronic Health Record (EHR). To do so, we compared classical machine learning techniques and
Deep Learning techniques. For the study we used a novel and previously unexplored dataset of the
University Medical Center Utrecht (UMCU) in The Netherlands.

Our experiment evaluated all combinations of a text representation (Bag-of-words with binary
weighting, Bag-of-words with tf-idf weighting, Word embeddings, or Document embeddings) and a
classification model (Recurrent Neural Network, Convolutional Neural Network, Neural Network,
Support Vector Machine, Naive Bayes, or Decision Tree). We used random search with 5-fold
cross validation for optimizing hyperparameters. The results of our evaluation show that the
best result is obtained by combining Document Embeddings with a Recurrent Neural Network
(AUC =0.788 £ 0.018), closely followed by a Binary Bag of Words and a Recurrent Neural Network
(AUC = 0.771 £ 0.018), and Document Embeddings combined with a Support Vector Machine
(AUC = 0.770 £ 0.029).

A relatively small but consistent improvement in performance could be seen for Deep Learning
techniques over classical machine learning techniques. Deep Learning techniques furthermore have
the advantage of allowing more additional experimentation with the model setup, while on the other
hand, the training time of classical machine learning techniques can be up to one order of magnitude
smaller. Using Deep Learning techniques on a dataset of this size and for this type of problem therefore
shows promise, especially in performance critical applications.

Our results finally have potential implications for the psychiatric practice as well, although
the exact accuracy of automatic risk assessment from EHR data needs to be established in further
research. The results we obtained are improvements over the median AUC of structured risk
assessment instruments as measured in meta studies over different sites, with a comparable sample
size. The proposed method using EHR data is furthermore customizable to a specific population
or institution, circumventing the problem of generalization. Automatic assessment of violence
risk therefore is a promising approach that can in the future provide an important addition to the
psychiatric practice.
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Appendix A

Table Al. An overview of the optimal hyperparameters for each combination of a text representation
and a classification model.

Model Hvperparameter Bag-of-Words  Bag-of-Words Word Document
yperp Binary tf-idf Embeddings Embeddings
Learning rate 41 x 1072 5.3 x 1072 8.3 x 1073 4.6 x 1072
Cell type LSTM LSTM GRU LSTM
RNN ! .
Layer size 193 63 185 129
Dropout rate 0.8 0.7 0.5 0.8
Learning rate 14 x 1072 2.0 x 1072 42 %1073 1.3 x 1072
No. filters 41 69 45 49
’ Filter size 3 3 3 4
CNN Pooling size 5 6 5 6
Dropout rate 0.9 0.7 0.5 0.9
Fully com.lected layer 18 36 121 85
size
Learning rate 15 x 1073 1.2 x 1073 6.4 x 1072 1.1 x 1072
NN 3 Layer size 172 30 36 254
Regularization constant 47 x 107* 22 x107* 7.1 x 1072 9.9 x 1072
NB* N/a - - - -
C 0.40 0.50 2.52 0.40
SVM 5 Gamma 3.1 x107* 1.7 x 1074 3.6 x 1074 7.9 x 1074
Kernel radial radial radial radial
Max depth 2 3 2 4
DT® Max features 0.52 0.47 0.56 0.84
Min samples split 5 3 11 3

! Recurrent Neural Network; 2 Convolutional Neural Network; ® Neural Network; 4 Naive Bayes; > Support Vector
Machine; ¢ Decision Tree.
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