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Abstract. Background: Dysphagia is a dysfunction of the swallowing act and is
highly prevalent in acute post-stroke patients and patients with chronic neurological
diseases. Dysphagia is associated with several potentially life threatening
complications. Thus, an early identification and treatment could reduce morbidity
and mortality rates. Objectives: The aim of the study was to develop a multivariable
model predicting the individual risk of dysphagia in hospitalized patients. Methods:
We trained different machine learning algorithms on the electronic health records of
over 33,000 patients. Results: The tree-based Random Forest Classifier and
Adaboost Classifier algorithms achieved an area under the receiver operating
characteristic curve of 0.94. Conclusion: The developed models outperformed
previously published models predicting dysphagia. In future, an implementation in
the clinical workflow is needed to determine the clinical benefit.
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1. Introduction
1.1. Medical Background

Dysphagia is the difficulty or total incapability of swallowing and is prevalent in patients
with neurologic diseases, diseases in the area of the throat, nose or ears and internal
disorders [1,2]. Due to the association with various diseases, the occurrence of dysphagia
is quite variable. 25% to 78% of all stroke patients and 27% to 30% of patients with head
injury develop some degree of dysphagia [3—7]. In addition, other diseases of the central
nervous system like Parkinson disease and Alzheimer disease or malignant diseases in
the head neck region show a high incidence for dysphagia [2,7]. The severity of the
disease, especially when chronic, presents another risk factor for the occurrence of
dysphagia [2].

The mechanism of dysphagia is multifactorial [2]. Post-extubation dysphagia occurs
in 59% of non-neurologic critically ill patients and duration of intubation correlates

! Corresponding Author: Anna Maria Lienhart, KAGes-Management, Informations- und
Prozessmanagement, A-8010 Graz, Billrothgasse 18a, E-Mail: AnnaMaria.Lienhart2@klinikum-graz.at



32 A.M. Lienhart et al. / Multivariable Risk Prediction of Dysphagia in Hospitalized Patients

positively with the severity of dysphagia [8,9]. In addition, chewing and swallowing is
affected by a loss of muscle mass and strength reduction in elderly people, resulting in
swallowing disorders in 10% to 20% of over 65 year olds [10]. Also, different drug
components correlate with the occurrence of dysphagia such as antihypertensives,
neuroleptics, antidepressants or antidementives [11-13].

Dysphagia is associated with several complications such as dehydration,
malnutrition and aspiration leading to pneumonia [2,14,15]. The risk for pneumonia in
the group of dysphagic patients is significantly higher than in non-dysphagic patients
(29.7% vs. 3.7%) [8]. These conditions are leading to longer hospital stays, reduced level
of independence and increased risk of mortality [14,15]. However, the large amount of
risk factors and predispositions makes it complex to identify an individual’s risk of
dysphagia.

Early dysphagia screening and detection is associated with a reduced risk for
aspiration pneumonia and disability [6,14,16]. Interventions to prevent individuals from
aspiration pneumonia include personal assistance while eating (e.g. by a speech language
pathologist), thickening of liquids, or artificial nutrition (nasogastral tube, parenteral
nutrition). The ideal screening tool should therefore be a quick and non-invasive process
with a focus on detecting the potential risk for dysphagia, as well as aspiration [5]. This
would further clarify whether swallowing assessment is necessary or whether it is safe
to feed the patient orally.

1.2. State-of-the-art of Dysphagia Diagnostic and Prediction

In clinical practice, various screening tools, scales and scores are used to detect and
diagnose swallowing disorders as well as their possible consequences. Those methods
presuppose the suspicion of a dysphagia and are based on additional clinical
examinations (e.g. Dysphagia Outcome and Severity Scale [17], Timed Water Swallow
test [18], Gugging Swallowing Screen [19], Standardized Swallowing Assessment [20]).
A standardized screening and testing procedure for each hospitalized patient would lead
to a large number of additional medical examinations and to an increased documentation
effort.

Zhou et al. [21] developed the bedside scoring model SSG-OD on prospectively
collected data from 395 consecutive post-cardiac surgery patients (including 103
dysphagic patients). Univariate and multivariate logistic analyses were performed in
order to identify independent predictors for dysphagia. The final SSG-OD model
identified patients at risk for dysphagia based on three predictors: gastric intubation,
sedative drug use duration and occurrence of stroke. The authors reported a sensitivity
of 68.5% and a specificity of 89.0% of the model.

Another risk score for dysphagia after cardiac surgery is the RODICs score [22].
Grimm et al. collected patient-specific characteristics, intraoperative variables and
postoperative outcomes from 1,314 patients undergoing heart surgery including 115
patients with dysphagia. The 38-point RODICS score comprises seven patient-specific
characteristics and perioperative factors like body mass index, chronic lung disease,
postoperative ventilation >24 hours. The score achieved an area under the receiver
operating characteristic curve (AUROC) of 0.75 in the test data set.

A score for predicting persistent dysphagia (PreDyScore) was developed by
Gandolfo et al. [4] performing a multivariate logistic regression on 249 post-stroke
patients (including 94 dysphagic patients). The PreDyScore, which represents a
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combination of body mass index and modified Rankin Scale [23], had a sensitivity of
67.0% and a specificity of 95.7% (AUROC 0.79) in the test data set.

1.3. Objective

The aim of this study was to develop a predictive model to identify patients with an
increased risk for dysphagia at an early state of hospitalization. This could enable the
appropriate diagnostic, preventive and therapeutic steps at an earlier stage. Another goal
of the study was not to increase the documentation effort for the health professionals,
and thus develop a model based on routinely documented electronic health records
(EHR) only.

2. Materials and Methods

The development and implementation of the study received approval from the Ethics
Committee of the Medical University of Graz (30-146 ex 17/18). We used the TRIPOD
statement [24] as guideline for developing, validating and reporting the model.

2.1. Data

For this study, routine clinical data of the Hospital Information System (HIS)
(openMEDOCS) of Steiermérkische Krankenanstaltengesellschaft m. b. H. (KAGes)
was used. In Styria, the KAGes covers about 90% of all hospital beds, which leads to an
access of about 2 million longitudinal patient histories. The HIS of KAGes is based on
IS-H/i.s.h.med information system and implemented on SAP platforms.

The predicted outcome was defined as having an ICD-10 coded diagnosis for
dysphagia (R13) or aspiration pneumonia (J69), which is often preceded by dysphagia
[25], during the recent hospital stay. In addition, we included nursing diagnoses of
swallowing disorder in the predicted outcome.

A retrospective data set of hospitalized patients was extracted from the HIS. This set
of data included all in-patients with the defined outcome in the period from
January 1%, 2011 to October 31%,2019. Patients under the age of 18 years were excluded.
The data extraction resulted in a dysphagia sample of 12,068 patients. As a control group,
we randomly selected 21,716 patients without dysphagia. The final cohort included
33,784 patients.

The feature set (n = 886) consisted of routinely stored EHRs extracted for the defined
cohort (summarized in Table 1). ICD-10 codes from chronic diseases like diabetes and
hypertonia were used without exclusion, any other ICD-10 code was only included
from the last three years before first dysphagia occurrence. The ICD-10 codes were
additionally grouped into related chapters e.g. 110 I15. Laboratory data were only
included from the last 30 days relative to first dysphagia diagnose. Likewise, medication
data for chronical illness were included for the whole time period, and acute ones from
the last years only. Missing values in the nursing assessment were imputed by last
observation carried forward method.
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Table 1. Feature set for the prediction of dysphagia from EHRs with examples for the seven feature groups.

Data type Description n
Demographic Data age, gender 28
Diagnosis Codes ICD-10 Codes, Groups of ICD-10 Codes 286
Procedures Codes examinations and procedures: MRI, CT 103
Laboratory Data thrombocytes, creatinine 190
Nursing Protocols body mass index, movement disorders 92
Administrative Data, Indices Charlson Comorbitity Index, number of hospital stays 25
Medication medication associated with dysphagia 162

2.2. Methods

The data set was split into a training data set, with 80% of the cases (n = 27,027) and a
test data set comprising 20% of the cases (n = 6,757).

Categorical data was encoded, which resulted in a binary representation for each
category of the feature. Numerical features were scaled between 0 and 1. The data
preparation led to 1,783 features.

We applied the following classification algorithms on the given learning task:
Random Forest Classifier (RF), AdaBoost Classifier, Logistic Regression (LR),
Support Vector Machine (SVM)/ C-Support Vector Classification (SVC), and
K—Nearest Neighbor Classifier (KNN). Furthermore, we applied a regularized linear
model with stochastic gradient descent (SGD) learning. All models were trained by
supervised learning.

Tree-based machine learning algorithms are scale-invariant [27], hence we trained
the RF and AdaBoost on the unscaled and unencoded data. All other methods were
trained on the scaled and encoded data only.

As some of the used algorithms like SVM / SVC and LR are sensible to unbalanced
data, we incorporated the weights of the classes in order to get higher weights on the
minority class and lower weights on the majority class (class_weight = {0:1, 1:2}).

We trained the models on the training data set with a stratified 10-fold
cross-validation, preserving the relative class distributions. To determine the optimal
setting of hyperparameters for each classification algorithm we performed an exhaustive
grid search. Hence, a n-dimensional grid was explored for parameter search. We then
selected the best performing setting for each method reviewing all performance
parameters with a focus on the AUROC (Table 3). Finally, the selected models were
evaluated on the held-out test data set. Sensitivity and specificity were computed using
the closest topleft method.

Data preparation and main data preprocessing were performed in R. Data
normalization and modelling were executed using the programming language Python
and the scikit-learn library [26].

3. Results
3.1. Data Characteristics
We used descriptive statistics for a first evaluation of the data. Relevant factors and

diseases associated with dysphagia are presented in Table 2. The dysphagia cohort tends
to be older and to have a lower body mass index than the cohort without dysphagia.
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Furthermore, the patients with dysphagia had similar comorbidities as described in
literature.

Table 2. Descriptive statistics for the included cohorts, with a focus on relevant factors and diseases associated
with dysphagia described in literature.

Dysphagia No Dysphagia

(n =12,068) (n=21,716)
Age, years 74 (63-83) 67 (53-78)
BMI ® 24.0(21.1-27.3) 26.1 (23.6-29.1)

n % n %
Comorbidities ®
Cerebral infarction (163) 1,935 16.0 999 4.6
Stroke, not specified as haemorrhage or infarction (164) 378 3.1 182 0.8
Intracranial injury (S06) 420 35 317 1.5
Parkinson disease (G20) 1,057 8.8 416 1.9
Alzheimer disease (G30) 1,167 9.7 436 2.0
Malignant neoplasm of oesophagus (C15) 1,071 8.9 23 0.1
Other chronic obstructive pulmonary disease (J44) 1,563 13.0 2,121 9.8

Note: * median and interquartile range; ° absolute frequencies and column percentages

3.2. Modelling and Performance

The model performances of the different machine learning models on the test data set are
listed in Table 3. Figure 1 illustrates the receiver operating characteristic (ROC) curves
of all methods including ROC confidence intervals computed with the DeLong method
[28].

Comparing the models, the tree-based methods RF and AdaBoost achieved the
highest AUROC of 0.94. The RF model had a sensitivity and specificity of 0.88. The
AdaBoost model performed quite similar, with a sensitivity of 0.88 and a specificity of
0.89.
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Figure 1. Receiver operating characteristic (ROC) curves of the model performances on the x-set with the
corresponding area under the ROC curve (AUROC) values.
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Table 3. Modelling results for different machine learning methods predicting the risk for dysphagia in
hospitalized patients.

Model
(Pythonmodule Parameter AUROC Acc. Sens. Spec. Prec.
)

RF n_estimator = 500, 0.94 0.88 0.88 0.88 0.80
(ensemble) max_features = V886
AdaBoost base_estimator = 0.94 0.88 0.88 0.89 0.81
(ensemble) DecisionTreeClassifier, max_depth =4,

n_estimator = 400,

learning_rate = 0.03
SVM /SVC probability = True 0.86 0.79 0.80 0.78 0.68
(svm)
SGD loss =log’, alpha = 0.00001, 0.78 0.77 0.70 0.81 0.67
(linear_model) max_iter = 1000, average = True
LR max_iter = 1000, multi_class = ‘ovr’, 0.73 0.71 0.62 0.76 0.59
(linear_model) solver = ‘sag’
KNN algorithm = "ball_tree’, 0.56 0.55 0.55 0.55 0.41
(neighbors) leaf size = 10, n_neighbors = 8,

weights = ’distance’
Note: AUROC: Area under the receiving operating curve; Acc.: Accuracy;, Sens.: Sensitivity; Spec.:
Specificity; Prec.: Precision; RF and AdaBoost were trained and tested on the data set with 886 features.
SVM / SVC, SGD, LR and KNN were trained and tested on the scaled and encoded data set with 1,783 features.

4. Discussion

The present study describes the development of a multivariable prediction model for the
occurrence of dysphagia in hospitalized patients. We used the EHRs of more than 33,000
patients for the training process. Compared to previously published prediction models
for dysphagia our cohort included a larger patient population and feature set with more
than 800 features.

Our best performing models were the tree-based RF and Adaboost, achieving an
AUROC of 0.94, which outperforms already published models [4, 23, 24]. However,
these results are only to some extent comparable to our model. Previous prediction
models did not use machine learning methods and were thus developed with less
variables. Furthermore, our prediction model is not limited on a single cohort of patients
such as those with stroke [4] and is thus more generally applicable in hospitalized
patients. Some of the already established risk prediction models are based on additional
clinical examinations which come along with extra effort for clinicians and nurses to
obtain this data. Our model uses already documented EHR from the HIS openMEDOCS
for dysphagia risk prediction only.

4.1. Limitations

In general, all limitations for the retrospective use of EHRs apply to this study as well.
In case of missing data in the EHR, the model will have difficulties to predict a
dysphagia. Ongoing evaluation and when indicated an adaption of the model to the
missing values might be necessary. If dysphagia or aspiration pneumonia is neither
ICD-10 coded nor mentioned in the discharge letter or nursing diagnoses, patients might
be included in the control group which might influence the performance of the model.
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4.2. Future work

Further machine learning algorithms, especially deep learning methods, should be
applied on our data set. It should be determined, whether they can outperform the models
in this paper. Additionally, further feature selection methods should be examined to
reduce the number and dimensions in the preprocessed data set, which might improve
the performance for algorithms such as SVM / SVC, LR and KNN.

While there are little barriers in training prediction models based on machine
learning, the application into the clinical workflow still presents a challenge in predictive
health care analytics. We were among the first to implement machine learning models
for delirium [29] und ICU prediction [30] that are still in use by health care personal in
their workflows. For dysphagia prediction, there is also a need to evaluate the model in
a clinical setting in order to determine the clinical benefit of the prediction. Depending
on the results during real-time prediction and feedback from health care professionals,
we will consider implementing the machine learning based prediction in the hospital
information system in KAGes.

4.3. Conclusion

We developed a multivariable risk classification model to predict the risk for dysphagia
in hospitalized patients. The model was trained with EHRs using machine learning. The
results on the test data set outperformed previous reported models in literature with an
AUROC of 0.94. Further evaluation during real-time prediction is needed in order to
determine the benefit in clinical practice.
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