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Abstract. Patients who do not show up for scheduled appointments are a
considerable cost and concern in healthcare. In this study, we predict patient no-
shows for outpatient surgery at the endoscopy ward of a hospital in Denmark. The
predictions are made by training machine leaning (ML) models on available data,
which have been recorded for purposes other than ML, and by doing situated work
in the hospital setting to understand local data practices and fine-tune the models.
The best performing model (XGBoost with oversampling) predicts no-shows at
sensitivity = 0.97, specificity = 0.66, and accuracy = 0.95. Importantly, the situated
work engaged local hospital staff in the design process and led to substantial
quantitative improvements in the performance of the models. We consider the
results promising but acknowledge that they are from a single ward. To transfer the
no-show models to other wards and hospitals, the situated work must be redone.
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1. Introduction

Electronic health records (EHRs) store large amounts of data about patients, including
their medical history, appointment schedules, and demographics. These data are recorded
to enable sharing among healthcare providers to secure the delivery of quality care, but
they are also increasingly seen as providing an untapped potential for machine learning
(ML) to support healthcare by reducing costs and aiding in decision making [1]. However,
typical EHR data are known to be incomplete and suffer from validity issues, for example
because data-entry practices vary even within a single hospital or unit and because
exceptions to the cases and workflows presumed by EHRs necessitate workarounds [2].
To be applicable in healthcare, ML models must be robust to imperfect data. In this paper,
we investigate the effect of situated work to understand local data practice on the
performance of several ML models for predicting patient no-shows.

Patients who do not show up for their clinical appointments do not receive treatment
for their illnesses. In addition, no-shows are a source of wasted time and resources in the
healthcare system [3] and of stress and job dissatisfaction among healthcare providers
[4]. Reviews of no-show rates find that they vary greatly but average about 23% [5].
Thus, no-shows are a considerable cost and concern. The case considered in the present
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study involves predicting no-shows among future outpatients at the endoscopy ward of
a Danish hospital. We trained off-the-shelf ML algorithms on hospital data and tuned the
resulting models to parameters relevant to the prediction of no-shows for endoscopy
surgery. The models provide an add-on to EHRs and utilize available EHR data to predict
patient no-shows, thereby enabling staff to contact these patients ahead of their
appointment to reduce no-show rates. At present, the staff lack guidance about which
patients to contact and do not have the resources to contact all patients. The included ML
algorithms are random forest (RF), support vector machine (SVM), and XGBoost (XGB).

2. Methods

The study was approved by the case hospital administration. All data used in the study
were extracted by the hospital quality assurance department, which also removed
information identifying the patients before the data were handed over to us. The ML
models were trained, tuned, and tested on the deidentified data. The full process was
informed by participatory design [6,7] and spanned a one-year period with five steps.

First, we searched the research literature for factors that were known to cause
patients to miss their clinical appointments. Many of these factors could be extracted
from the hospital EHR, including no-show history, number of visits to department,
weekday of planned visit, time of day, patient age, and patient sex. Factors not in the
hospital EHR or excluded due to local data regulations (i.e., GDPR) included ethnicity
and substance abuse. The dataset extracted by the hospital quality assurance department
gave the available factors for 8840 appointments, with a no-show rate of 8%.

Second, we trained RF, SVM, and XGB models on these data, which we will refer
to as the raw data. The RF algorithm [8] combines several classification trees for training
and prediction. The SVM algorithm [9] is a discriminate classifier that nonlinearly maps
cases to a high-dimensional feature space. The XGB algorithm [10] is based on gradient
tree boosting and designed to handle missing values. All models were trained and
optimized to the best performance on the selected hyper-parameters through a process of
five-fold cross-validation.

Third, we involved staff in the endoscopy ward, EHR data management team, and
quality assurance department in the design process. The general aim of these activities
was to inform the model building and increase the attention and buy-in to the models and
the requirements for realizing their potential. Specifically, the medical secretaries and
nurses in the endoscopy ward provided pertinent input. They were the ones who entered
the EHR data about appointment scheduling, cancellations, and no-shows. It became
apparent that the information was in many cases incomplete because our study was the
first initiative where there was a real need for the ward to pay close attention to its
registration practice. A particularly important piece of information concerned the status
of appointments. This information was crucial to the training of the ML models because
we used it for determining whether patients did or did not show up. Due to overlapping
and ambivalent status categories, about half of the secretaries simply refrained from
registering the status of some appointments. Fourteen days after the appointment date,
the EHR automatically set the status of these appointments to “canceled”. Thus, a
cancelled appointment in the dataset was not always a real cancellation. In addition, the
endoscopy physicians explained that a number of the patients who showed up were
unprepared. They had not complied with the three-day cleansing program (i.e., diet
restrictions and bowel cleansing medication) necessary before a colonoscopy. These
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appointments had to be rebooked, and the physicians requested that appointments with
the status “rebooked” be counted as no-shows. The physicians also requested that
cancellations made less than five days before the appointment date were counted as no-
shows because such late cancelations could not be rebooked for other patients, who
would not have sufficient time to complete the three-day cleansing program.

Fourth, the insights from the staff’s participation in the design process enabled us to
clean the data and contextualize the models. Rebooked appointments and late
cancellations were reclassified as no-shows. All appointments with incomplete status
information were excluded due to the uncertainty about the actual final appointment
status. For the same reason, all unfinished appointments within the last 14 days of the
dataset were excluded. With these changes, the final dataset consisted of 2440
appointments, including 197 (8.07%) no-shows.

Fifth, the dataset was imbalanced in that it contained far fewer no-shows than show-
ups. We trained models with the imbalanced dataset, but to compensate for the imbalance
we also trained models with the synthetic minority oversampling technique (SMOTE)
applied [11]. SMOTE oversampling balances a dataset by synthetically increasing the
number of cases in the minority class (i.e., the no-shows). In each fold of the five-fold
cross-validation, we applied SMOTE on the training set only, not on the test set.

3. Results

Tables 1 and 2 show the performance of the models on the raw (i.e., uncleaned and
uncontextualized) data and final (i.e., cleaned and contextualized) data, respectively. All
results are averages across the five-fold cross-validation. Overall, the models trained on
the final and oversampled data perform substantially better than the models trained on
the raw data. In particular, the models trained on the raw data have inferior sensitivity
(which is, by definition, the same as recall) for the minority class of patient no-shows.

Table 1. Results for original uncleaned and uncontextualized data (8840 observations).

Model  Class Recall Precision Sensitivity Specificity F-measure Accuracy Cohen’s k
RF Show-up  1.00 0.96 1.00 0.22 0.98

No-show  0.22 1.00 0.22 1.00 0.36 0.96 0.34
SVM Show-up  0.98 0.96 0.98 0.60 0.97

No-show  0.60 0.73 0.60 0.98 0.66 0.92 0.09
XGB Show-up  1.00 0.95 1.00 0.00 0.97

No-show  0.00 0.00 0.00 1.00 N/A 0.95 0.00

N/A: the F-measure is undefined in this case because both recall and precision are exactly zero.

For the no-show class, the XGB model trained on the final data performs best on
most performance metrics, both with and without oversampling. Specifically, the high
F-measure of the oversampled XGB model on patient no-shows indicates a good balance
between precision and recall. The oversampled RF model demonstrates similar
performance on sensitivity but at the cost of slightly worse specificity and precision.
Conversely, oversampling has severe adverse effects on the SVM model, including
performance drops across several metrics for both majority and minority classes, as well
as abysmal performance for the no-show class. The XGB model achieves the maximal
value of Cohen’s kappa (0.64) across both raw and final data, suggesting that this model
is better at distinguishing between patient no-shows and patients showing up. However,
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the minimal kappa value is also obtained for XGB — on the raw data. This result indicates
that the data cleaning and context enrichment benefit the XGB model in particular.

Table 2. Results after data cleaning and contextualization (2440 observations).

Model Class Recall Precision Sensitivity Specificity F-measure Accuracy Cohen’s k
RF Show-up  0.96 0.99 0.96 0.79 0.97

No-show  0.79 0.48 0.79 0.96 0.60 0.95 0.57
RF * Show-up  0.56 0.70 0.56 0.97 0.62

No-show  0.97 0.95 0.97 0.56 0.96 0.93 0.59
SVM Show-up  0.97 0.55 0.97 0.13 0.70

No-show  0.13 0.78 0.13 0.97 0.23 0.57 0.10
SVM *  Show-up  0.92 1.00 0.92 0.00 0.96

No-show  0.00 0.00 0.00 0.92 0.00 0.92 0.00
XGB Show-up  0.97 0.98 0.97 0.68 0.97

No-show  0.68 0.60 0.68 0.97 0.60 0.95 0.61
XGB *  Show-up  0.66 0.68 0.66 0.97 0.67

No-show  0.97 0.97 0.97 0.66 0.97 0.95 0.64

* with SMOTE oversampling

To identify the data features that are important for the predictive models, we
conducted a leave-one-out feature importance analysis in each fold of the cross-
validation. A prior history of no-shows is by far the most important feature in correctly
predicting no-shows. Other influential features are the duration of the planned
appointment, the number of prior appointments, appointments late in the day, and day of
the week. The patient’s age and sex are weak no-show indicators in our data.

4. Discussion

The RF and XGB models perform well on all reported metrics, whereas SVM achieves
high accuracy but underperforms on most of the other metrics. Specifically, the SVM
model performs poorly with SMOTE oversampling. For both RF and XGB, the
oversampling of the minority class produces a clear performance increase in the
prediction of no-shows. The size of this performance increase is perhaps surprising,
given the known ability of these models to handle imbalanced datasets well [10].

For an endoscopy ward, the typical use of one of the developed models would be to
contact predicted no-shows ahead of their appointment to nudge them to show up (e.g.,
phoning them a day in advance). For the non-oversampled XGB model, the sensitivity
(0.68) means that two thirds of all actual no-shows would be correctly identified and thus
contacted, and the precision (0.60) means that 60% of the patients contacted would be
actual no-shows if they were not nudged to show up. For the oversampled XGB model,
both sensitivity and precision increase to 0.97. That is, almost all no-shows would be
correctly predicted and very few resources would be wasted on contacting patients who
would show up anyway. For the concrete ward, if nudging resulted in 50% of the
contacted patients either showing up or appropriately canceling their appointment, it
would result in 197 - 0.97 - 0.50 = 95 more patients showing up for appointments, thus
decreasing the no-show rate from 8% to 4%. To reduce the no-show rate further, the
ward may consider simple workflow changes, such as only planning appointments on
Fridays or late in the day for patients with a history of showing up.

In this study, we present results from a single ward at a single hospital. We stress
two points regarding generalizability to other wards and hospitals. First, the models
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developed in this study use available data features, which will likely differ in both format
and registration practice across wards and hospitals. Second, the work performed on site
to gain a situated understanding of the local data management and work practices clearly
makes a quantitative difference in the performance of the trained models. The models
trained on the raw data with all available features display inferior performance (Table 1)
compared to the models trained on the final data (Table 2), highlighting the importance
of situated work. Apart from leading to model improvements, the situated work also
uncovered phenomena that could adversely affect the successful organizational
implementation of the no-show models [12], including inconsistent registration practice
and limited attention to the importance of data entry to model outputs.

5. Conclusions

The — admittedly tentative — conclusion from the present study is that no-shows can be
predicted with high accuracy across different wards and hospitals by off-the-shelf ML
models trained on available data. However, the models that perform well for the
particular ward on which they are trained are not likely to perform well in other wards
but will require situated work and retraining with local data. Given the relative ease with
which off-the-shelf ML algorithms can be trained, we anticipate that the main cost of
transferring the no-show models to other wards will be the time spent by data scientists
and local staff on gaining a situated understanding of the data practice of each ward,
rather than the time required to train the ML models themselves.
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