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Abstract. In primary health care, a small number of frequent users
incur a large portion of the total health care expenditures. In this work,
we study whether it is possible to recognize these frequent users early on,
through the application of machine learning based text mining techniques
on clinical notes. We implement our study on a data set of 147 Finnish
primary health care users, using a regularized least-squares based ranking
method. The method achieves a ranking accuracy of 0.68 when making
predictions based on the recorded text and observed visitation frequency
after 20 visitations by a patient, demonstrating that it is possible to
make useful predictions about the future rate of visitations.

Keywords: Clinical Text Mining, Machine Learning, Regularized Least-
Squares

1 Introduction

Rising health care costs, overburdened emergency rooms, coverage and adequate
resources of health care are currently causing various problems in many coun-
tries. One reason that has been focused on is those individuals who repeatedly
visit health care clinics and excessively utilize different hospital services. Previ-
ous studies have confirmed that this small number of frequent users incur a large
portion of health care expenditures [7]. In a Canadian study [4] frequent users
of health care were defined with population-based data. Those individuals that
visited emergency department more than 7 times were counted as frequent users
composing almost 10% of all visits. Patients with 18 visits or more were consid-
ered as highly frequent users composing nearly 4% of these visits. Locally the
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number of the visits can represent even higher figures up to one fifth of all hos-
pital emergency visits [5]. Frequent users represent a heterogeneous group and
explicit common characteristics are not found. However, most of these patients
have serious health needs related to chronic diseases, mental health problems or
drugs and alcohol abuse [2, 4]. According to the literature review increased risk
for the frequent use of health care services seems to be with patients aged 25 to
44 and older than 65 years [7]. It has been suggested, that methods which are
able to extract epidemiologic patterns and comorbid conditions of frequent users
or groups at risk for frequent use of health care services should be developed [10].

In recent years, machine learning based text mining techniques have shown
their applicability for the analysis of unstructured clinical text in various prob-
lem settings. Examples include automated systems for diagnosis assignment [12],
detection of smoking status [3], quality of life prediction [9], and topic segmenta-
tion [6]. In this work, we study whether such methods can be developed for early
recognition of frequent users of primary health care services. Internationally, the
development of models that would allow predicting the time spent by a patient
in a hospital in the future from historical data has been spurred by the ongoing
Heritage Health Prize competition1. Potentially, the ability to recognize these
people early in the process would allow early interventions, leading to better
treatment outcomes and reduced costs.

We implement a machine learning method on a data set consisting of visi-
tation dates and corresponding electronic notes recorded for 147 Finnish public
health care users over a 14 year period. The approach is based on regularized
least-squares based ranking [8], combined with linguistic pre-processing, and the
results are evaluated using the nested cross-validation approach [11]. The results
demonstrate that already after a small number of visitations it is possible to
make reasonable predictions about which patients are at most risk of becom-
ing frequent users, though more data may be necessary for developing systems
reliable enough for real-world application.

2 Materials and Methods

The data was collected from 9 public health care centers in a large Finnish
city. The recording of patient notes in electronic patient records began in 1998,
and thus this is the starting point for our study. The data consists of manu-
ally anonymized written documentation for 147 Finnish public health care users
recorded between years 1998 and 2011. The number of visits for a given patient
during this period varies from around 20 to more than 400. Ethical evaluation
of the study was conducted by the ethical committee of the hospital before the
study protocol was approved.

The question of interest is, can we after a limited number of visits predict,
which patients are at most risk of becoming chronic users with a large num-
ber of visitations in the future. We cast this problem as a ranking task, where

1 http://www.heritagehealthprize.com
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the aim is to be able to order patients, so that the patients with the largest
number of expected visitations would be at the top of the ranking, whereas the
patients with the lowest number of visits would be at the bottom. We measure
the performance of the trained models using the ranking accuracy, which can be
considered a generalization of the area under ROC curve measure often used in
binary classification tasks (see, e.g., [8] for definition). A ranking accuracy of 1
corresponds to a perfect model, and 0.5 corresponds to a random predictor.

For making predictions, we have access to two sources of information. First,
we can consider the frequency at which the patients have been visiting during the
period when training data has been gathered. A simple baseline rule for making
predictions is that patients who visit most often during the data gathering period
would continue to do so in the future. As a second source of information, we have
access to the text recorded for each visitation.

We represent the textual data using the standard bag of words-representation.
Here, the dimensionality of the data is the same as the number of unique words,
with each feature recording the number of times a certain word appears in the
documentation of a given patient. Due to the highly inflective nature of the
Finnish language, we pre-process the data using the FinTWOL tool, which re-
duces the words to their base forms. Further, we remove all the features that
appear less than 10 times in the data. After these pre-processing steps, we are
left with a set of 7243 unique terms.

We generate the features as follows. Let k denote the number of visits used
to predict the amount of future visits. We let k range from 2 to 20 in our
experiments, and use the frequency of visitation during a 5-year period following
the last visit as the label to be predicted. We use the text from first k visitations
transforming it into the bag of words-representation, and normalize the resulting
feature vector to unit length. As additional feature, we consider the average time
length measured in days between two consecutive visits for the patient.

We use a linear model of the type

fw(x) =

d∑
i=1

wixi,

where x = (x1, . . . , xd)T is the feature vector representation of a data point for
which the prediction is to be made, and w = (w1, . . . , wd)T is a vector repre-
sentation of the linear model. We train the model using the ranking regularized
least-squares (RankRLS) method [8], which is trained by solving the following
optimization problem:

argmin
w∈Rd


n∑

i,j=1

(
fw(xi) − fw(xj) − yi + yj

)2
+ λ

d∑
i=1

w2
i

 ,

where xi are the feature vectors of the n training data points and yi their labels.
The first term in the objective function measures the fit of the model to the
training data, the second term the complexity of the prediction function, and
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λ is a parameter. The fit is measured with the pairwise squared loss, a convex
approximation of the ranking error. The minimizer of the objective function can
be found by solving the corresponding system of linear equations.

A central challenge in the evaluation is, how to do parameter selection for λ,
and at the same time obtain a reliable estimate of the predictive performance.
Due to the large dimensionality of the feature space using training set accuracy
is unreliable, while at the same time we cannot afford a separate test set due
to the small sample size. We use nested cross-validation, where an inner cross-
validation loop is used for parameter selection, and an outer one for performance
estimation [11]. As the outer cross-validation loop, we use 10-times repeated 10-
fold cross-validation, and as the inner loop we use leave-pair-out cross-validation
[1]. All the ranking accuracies are computed using the averaging method, where
the performance is computed for each fold separately and then averaged.

3 Experimental Results

The experimental results are presented in Figure 1. We plot on x-axis the number
of visits used for generating the features, and on y-axis the ranking accuracy. We
compare three methods. The first makes predictions based on only the average
time between previous visitations, the second only based on text, and the third
one combines these two information sources.

The average time between visitations turns out to be a powerful feature, as
using it alone one can make more accurate predictions, than based on the text.
Intuitively this is not very surprising, one can expect that the visitation rate in
the past would to a large degree correlate with that in the future. While the
text does not alone work as well, it does represent an alternative source of in-
formation about the properties of the patient not captured by the one single
numerical feature. Indeed, the combination of using text and the numerical fea-
ture for prediction outperforms both approaches. The larger the number of visits
used for generating the features, the better the predictive performance becomes,
peaking at 0.68 ranking accuracy. This resulting performance is not very high,
but nevertheless demonstrates that there is useful information present in the
health records for the purpose of estimating future visitation frequencies.

Next, we explored which of the textual features are the most informative ones,
considering the data generated for value k = 20. For each feature, we computed
the ranking accuracy for using it alone as a predictor for the number of future
visitations (accuracies below 0.5 were transformed by 1−ACC). We present the
10 highest ranked features in Table 1 in order to provide some further insight
into the data. However, it should be noted that due to the very large number of
features, some of them can appear informative simply due to random chance.

Of the 10 highest ranked words, 7 describe laboratory tests and 2 are abbre-
viations for a hospital. These words frequently appear together, describing the
event that a patient has been at laboratory examinations at the hospital. The
last word kertaa (times) appears usually in sentences describing medication that
has been assigned to a patient (i.e. MEDICATION 2 times a day). Thus, the
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Table 1. 10 highest ranked features

Word Meaning R. Acc
TKS Central hospital 0.66
B-HB laboratory test 0.65
TYKS University Hospital 0.64
kertaa times 0.64
fB-Leuk laboratory test 0.64
B-HKR laboratory test 0.64
B-Trom laboratory test 0.64
B-Eryt laboratory test 0.64
B-PVK laboratory test 0.63
E-CV laboratory test 0.63

most obvious signs regarding the risk of becoming a chronic patient that can
be recognized in the data using a simple univariate statistic appear to be being
assigned to laboratory tests, or being assigned daily medication.
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Fig. 1. Ranking accuracies as a function of the number of visits used for training

4 Conclusion

Our results provide a proof-of-concept demonstration about predicting the rate
of future visitations for primary health care users, based on previous visitation
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frequencies and clinical notes. In order to develop a more accurate system, it
would be beneficial to gather more data, as well as additional information beyond
free-form textual notes about the patients.
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