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Abstract. Over the last decades the healthcare domain has seen a
tremendous increase and interest in methods for making inference about
patient care using large quantities of medical data. Such data is often
stored in electronic health records and administrative health registries.
As these data sources have grown increasingly complex, with millions of
patients represented by thousands of attributes, static or time evolving,
finding relevant and accurate patterns that can be used for predictive
or descriptive modelling is impractical for human experts. In this paper,
we concentrate our review on Swedish Administrative Health Registries
(AHRs) and Electronic Health Records (EHRs) and provide an overview
of recent and ongoing work in the area with focus on adverse drug events
(ADEs) and heart failure.

1 Introduction

Swedish Administrative Health Registries (AHRs) and Electronic Health Records
(EHRs) provide a valuable source of information for a patient’s medical his-
tory. They typically include billing codes of diagnoses (e.g., ICD10), laboratory
tests, pharmaceutical information (e.g., drug prescriptions), and clinical notes
(e.g., short texts written by healthcare practitioners). Such data sources can be
exploited for developing robust predictive models for solving challenging tasks
within the domain of healthcare, such as detecting adverse events (AEs), as well
as for understanding different variations in treatment of heart failure.

In contrast to spontaneous reports, which usually contain only a limited snap-
shot of the circumstances surrounding a suspected ADE for a specific individual
or particular treatments for heart failure, EHRs and AHRs and provide med-
ical practitioners and clinical pharmacologists with a much richer description
of the medical history of not only individual patients but also of large groups
of patients sharing a similar medical conditions or with high similarity in their
recorded clinical history. Such rich and complex data sources can be effectively
and efficiently processed, studied, and analyzed through the usage of advanced
machine learning techniques, both in a supervised and an unsupervised manner.

In this paper, we discuss the current state-of-the-art and present recent work
on Swedish AHRs and EHRs. We provide an overview of recent and ongoing
work in the area with focus on adverse drug events (ADEs) and heart failure.
Our main contributions include:
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– we present our recent work on detecting and understanding ADEs, with
focus on predictive modeling techniques, methods for mining disproportional
patterns, and finally we present the ADE explorer, a tool for studying ADEs
from EHRs;

– we present ongoing work on understanding the effectiveness of treatment of
heart failure from AHRs, with emphasis on understanding the reasons behind
the large variation of the usage rate of basic treatment by 50 hospitals in
Stockholm County;

– we discuss directions for future research on our current projects involving
EHRs and AHRs.

2 Detecting Adverse Drug Events

Adverse drug events (ADEs), commonly defined as undesired harms caused by
the intake of medications [12], account for an increasing amount of hospital-
izations and deaths worldwide [3, 7]. Adverse events are both a serious health
concern, estimated to be the seventh most common cause of death in Sweden
[21], and a significant burden on the health care system [15]. Although a ben-
efit–risk analysis of newly developed drugs is already conducted during clinical
trials, post-marketing detection and surveillance are often performed to detect
unanticipated events. For instance, clinical trials are normally performed with a
limited sample of patients, who are followed for a limited period of time. As a
result, not all serious adverse events can be detected prior to market deployment,
which results in drugs being withdrawn from the market due to serious adverse
reactions not detected during clinical trials.

The activities related to the detection, signaling, and assessment of adverse
drug events is referred to as pharmacovigilance or post-marketing drug surveil-
lance. During post-marketing surveillance, a vast array of automatic approaches
for detecting potential safety hazards of drugs have been investigated, cf. [1, 13],
using various data sources, the most prominent of which is a disproportionality
analysis of spontaneous individual case reports [19]. One of the main obstacles,
however, with current systems for collecting and analyzing data regarding ad-
verse drug events is the fact that serious ADEs are heavily under-reported, while
known ADEs are over-reported, by both clinicians, in the case of EHRs, and by
patients, in the case of individual case reports [5]. Complementary and alterna-
tive sources have thus been investigated, such as online communities [10], EHRs
and other administrative health registries. The major benefit of EHRs and health
registries is that they typically contain longitudinal observational data of large
samples of patients, including demographic information, medical history, drug
consumption with exposure time and dose information, and clinical measure-
ments, including lab results and drug concentrations. To improve the reporting
rate, systems have thus been investigated to automatically detect ADEs from
electronic health records, which avoids several of the limitations present in case
reports cf. [9].

Next, we discuss work that has been carried out to (a) mine disproportionate
(i.e., unexpected) patterns and (b) construct predictive models that are used
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to identify patients with potential adverse drug reactions. We also describe the
prototype of a system where health practitioners can explore and test hypotheses
with respect to adverse reactions from drugs.

2.1 Mining disproportionate patterns

In recent work[2], we have explored ways of improving ADE detection by com-
bining sequential pattern mining with disproportionality analysis. In particular,
we investigated the use of sequential pattern mining for finding frequent drug
sequences, which then form the basis for the disproportionality analysis, i.e., in-
stead of looking for unexpected drug-diagnosis pairs, the novel method will find
unexpected pairs of drug sequences and diagnoses. Since the proposed method is
better suited to handle drug interactions, it is expected to handle cases where a
sequential administration of interacting drugs is responsible for a certain ADE.
An empirical investigation of the novel method has been performed using a sub-
set of the Stockholm EPR corpus [4]. The data used in this study consists of
all diagnoses and medications for 3189 patients that have received at least one
heart related diagnosis during the period 2008 - 2010.1

The empirical investigation showed that the proposed method indeed could
discover some patterns with sufficient support and that they occur much more
frequently for the patient groups with the diagnoses of interest than what is
expected in general. Using frequency-based sequential mining alone would not
highlight the discovered patterns as they would be ranked far behind patterns
that appear more frequently in the whole patient group, i.e., independently of
whether the diagnosis is present or not. On the other hand, traditional dispro-
portionality analysis would not allow us to find candidate interactions, since that
type of analysis is based on one diagnosis and one drug at a time.

The patterns discovered by the proposed method must however be treated
as possible hypotheses or candidates for adverse drug interaction, rather than
actual causes of the disease, since there may be many natural explanations for
why a certain combination of drugs occur more frequently for patients with
the diagnosis of interest than for patients in general, some of which have been
pointed out for the findings concerning drugs for cardiovascular patients. Hence,
any findings need to be further carefully analyzed to allow for finding true adverse
drug interactions.

2.2 Predictive modelling of ADEs

Knowledge extraction from EHRs is a rather new research area, since EHRs
were, until recently, not only relatively rare but also not easily accessible for re-
searchers due to their sensitive nature. However, they have become more abun-
dant and accessible for research during recent years in several countries, such as
USA and Sweden. In one example study, 667,000 inpatient and outpatient EHRs

1 This research has been approved by the Regional Ethical Review Board in Stock-
holm, permission number 2012/834-31/5.
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were analyzed to discover new relations between drug intake and reactions. The
prediction of AEs using EHRs is an ongoing research endeavor, in which most
efforts to date have focused on using either structured[22] or unstructured data
[6], separately. Preliminary results show that predictive performance is substan-
tially improved by combining heterogeneous types of clinical data sources [6]. A
comprehensive overview of the research area can be found in [11].

Recent work on detecting adverse drug events has shown that a bag-of-words
model that exploits the set of drug prescriptions and diagnoses for a large set
of patients can give promising results in terms of recall and AUC. Nonetheless,
recent studies have shown that there is still plenty of room for improvement
by exploiting the temporal properties of the data sources in EHRs [20]. For
example, the early diagnosis or prediction of an AE can be highly correlated
with a positive prognosis and timely treatment [11]. Hence, the temporal and
causal features inherent in EHRs, e.g., in the form of time-evolving variables
or cause-effect relations, should be modeled and exploited to the largest extent
possible.

(a) Decision tree model constructed from
the case and control group.

(b) Disproportionality analysis of the
events in the case group as compared to the
population.

Fig. 1: Exploring patients between ages 74 and 90 that have and have not been
diagnosed with essential hypertension using (a) decision trees and (b) dispro-
portionality analysis

2.3 Adverse drug event explorer (ADEX)

The Adverse Drug Event eXplorer (ADEX) is an exploratory prototype system
for investigating and testing hypotheses regarding ADEs. The system allows
medical practitioners to define, using a complex rule system, a population and
a case group (e.g., patients that have experienced an adverse event and those
who have not) and then explore these patients based on disproportionate events,
importance of attributes, or rules. For instance, if one is interested in exploring
patients older than 75 years that have and have not suffered from heart diseases,
then one could define the population as Age > 75 and the case group as ICD
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= I109 (see Fig. 1). These groups can then be analyzed using a plethora of
different methods, which in ADEX includes decision trees, random forests and
disproportionality analysis.

Although ADEX allows for practitioners to investigate and explore medically
relevant hypotheses, these hypotheses are still rather limited. In particular, the
tool does note allow one to explore medical trajectories of patients or to in-
corporate temporality in neither rules, decision trees nor pattern importances.
Moreover, to fully investigate the impact of treatments the rule language used
to describe case and control groups should be refined to allow one to express
rules temporal rules, e.g., ICD = I109 before ATC = C01AA01.

3 Effectiveness of Treatment in Heart Failure Patients

The Swedish National Board of Health and Welfare has issued national guidelines
for cardiac care [18], including recommendations for the treatment of patients
with heart failure. These include descriptions of preferred medications based on
diagnosis, severity of symptoms and factors related to the individual patient.
In the recommendations, it is stated that the basic treatment of patients with
heart failure should be renin angiotensin aldosterone system (RAS) inhibitors
combined with beta blockers. In order to evaluate the compliance to the rec-
ommendations, the National Board of Health and Welfare has also established
target levels for various indicators describing the desired portion of certain pa-
tient groups that should be eligible for specific treatments [16]. One such target
is that at least 65% of the HF patients should receive basic treatment consisting
of a combination of RAS-inhibitors and beta blockers. Other indicators are also
defined for the use of mineralcorticoid receptor antagonists (MRA) and CRT
pacemakers. In a recent evaluation of the compliance to the guidelines [17], it
was noted that for heart failure, only three of the 22 county councils in Swe-
den reach the target levels regarding basic medication of heart failure. For the
Stockholm region in total, only 57% of patients with heart failure were medi-
cated according to the national recommendations. However, deviations from the
basic treatment can often be motivated, which explains why the target level is
not set to 100%. For example, the basic treatment is known to have a good
effect on patients with heart failure with reduced ejection fraction (HFrEF), but
there is less evidence that is has the same effect on patients with heart failure
with preserved ejection fraction (HFpEF). International studies and the Swedish
quality register RiksSvikt indicate that between 50 – 80 % of the patients have
HFrEF [17].

In order to better understand and characterize patients that receive the ba-
sic treatment for heart failure, and what distinguishes them from patients that
according to the formal requirements should, but have not, received the basic
treatment, an analysis of administrative records collected in the Stockholm City
Council during 2010-2016 has been made [8]. In that work, we presented re-
sults from applying frequent pattern mining on data from heart failure patients
receiving basic treatment, and where these patterns are ranked according to de-
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viations from the expected, using heart failure patients that have not received
basic treatment as the control. These deviations were quantified by using dis-
proportionality analysis [14] on the frequencies of the discovered patterns in the
test group against the control group.

3.1 Itemset mining formalization

More concretely, we define a set of possible item labels Σ, which correspond to
diagnoses or prescription codes. An itemset of size k, also called a k-itemset, is
defined as a set I = {l1, . . . , lk} of k labels, with li ∈ Σ,∀j ∈ [1, k]. A transaction
T = {I1, . . . , IN} is a set of itemsets. The size of the transaction is the number
of itemsets that it contains. We say that a transaction T contains an itemset
I and denote it as I v T , if there is at least one occurrence of the itemset in
the transaction. Given a set of M transactions D = {T1, . . . , TM}, the frequency
of an itemset I in D is equal to the fraction of transactions that contain the
itemset, i.e.,

freq(I,D) =
|I v D|
M

Hence, the objective of frequent itemset mining is to identify the set of fre-
quent itemsets F in D, given a support threshold min sup, where for each Fi ∈ F
it holds that freq(Fi,D) ≥ min sup. Finally, considering an additional collec-
tion of transactions C, acting as a control group to D, it should hold that the
two sets are independent, i.e., C ∩ D = ∅. Using these sets, we define the degree
of itemset disproportionality of an itemset I in D against C is defined as follows:

Idisp(I,D, C) =
freq(I,D)

freq(I, C)
. (1)

3.2 Preliminary results

The experiments carried out so far2 have used data extracted from a regional
healthcare data warehouse GVR/VAL, which contains diagnoses (ICD-10), drugs
(ATC), and other data related to consultations in primary and secondary care for
more than 2 million inhabitants of the greater Stockholm area. All information
is anonymous in order to preserve patient integrity. The population selected
for this study consists of all individuals in the GVR/VAL data warehouse that
during the time period 2010-2016 have been hospitalized for at least one night
and been diagnosed with at least one heart failure related diagnosis; ICD-10:
I50, I11.0, I42 (excluding I42.1 and I42.2), and I43. In total the data used in this
study relates to 70,474 unique heart failure patients (9,446,322 events defined as
assigned diagnosis codes). In total these patients are described by approximately
7,013 distinct diagnose codes. For this study, all diagnoses were represented by
the first three characters of the ICD-10 code. In the experiments the patients are

2 This research has been approved by the Regional Ethical Review Board in Stockholm
(Dnr. 2016/479-31/5)
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divided into two groups based on whether or not the patient has been prescribed
the primary basic treatment for heart failure as defined by the national guidelines
from Socialstyrelsen [18].

The results of the analysis highlight groups of patients that are more likely to
receive basic treatment. By ranking the frequent itemsets according to their rel-
ative frequency between the groups, we get a better understanding of what types
of patients are present in the respective groups. The most disproportional fre-
quent itemsets where approximately 7 to 10 times more frequent among patients
that received primary basic treatment than among those that did not. These
itemsets consisted of combinations of 4 or 5 of the following 7 diagnoses: E11
(type 2 diabetes mellitus), I10 (essential (primary) hypertension), I25 (chronic
ischemic heart disease), I48 (atrial fibrillation and flutter), I50 (heart failure),
Z92 (personal history of medical treatment) and Z95 (presence of cardiac and
vascular implants and grafts) (Table 1). For more details the reader may refer
to the original paper by Karlsson et al. [8].

Table 1: The top ranked itemsets, showing combinations of diagnoses that are more
likely to indicate basic treatment. The itemsets are ranked based on their disproportion-
ality score which shows how much more likely it is that a patient with this combination
of diagnoses will receive basic treatment compared to not receiving it. A bullet indicates
the presence of an item in the itemset.

Disp. E11 I10 I25 I48 I50 Z92 Z95

9.675 • • • • •
9.410 • • • • •
9.254 • • • •
9.221 • • • •
8.220 • • • •
7.945 • • • •
7.707 • • • •
7.638 • • • • •
7.376 • • • •
7.356 • • • •

4 Future outlook and challenges

Future endeavours into this domain will consist of a variety of challenges that
are both data and clinically centered. Firstly, due to the nature clinical data
reporting being inconsistent, the data sets in focus must be processed to account
for: various missing values, measurements being recorded at once during the
day, and various other types of errors which impact quality. Although current
directions in healthcare involve moving towards more consistent and structured
data sets, this is a prospect of the future, and data sets at hand must undergo
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well-thought-out pre-processing procedures such as interpolation, extrapolation,
replacement and deletion.

Secondly, a key challenge involves providing models that perform well enough
on metrics such as AUC and recall, such that they are clinically reliable to the
perception of clinicians. Indeed, the use of predictive models in clinical practice
imposes a loss of autonomy on a clinician which can be perceived as a treat if
the results of such models do not demonstrate a direct benefit and often devi-
ate from a clinician’s expectations. To combat a perceived threat to autonomy,
more interpretable models can be chosen, such as decision trees, that are more
descriptive in explaining predictions in real world logic. However, such descrip-
tive models may not preform as well as black box models such as random forests
which possess poor interpretability. This trade-off between medical interpretabil-
ity and performance thus presents a challenge which can perhaps best be resolved
through questioning medical professionals and experimenting with the compli-
ance of systems in real world settings. On another note, such predictive models
must demonstrate high performance in a clinical domain due the the high cost
involved related to patient outcomes. Although false negatives may result in
the overlooking of certain ADEs, such oversights are inevitable. In regards to
legal and ethical accountability, final prescriptive decisions must be left to the
discretion of medical experts to correct for such errors.

Finally, it is an ongoing challenge to deal with the ever changing health care
system, which consistently encounters a high velocity of novel relevant data such
as medications and treatments. Prescriptive models for use in clinical practice
should ideally be constantly updated and built on real-time data as a means of
early detection for a variety of medical situations such as ADEs. Although such
real-time systems provide a clear means towards revolutionizing health care,
various challenges are faced such as possessing data sets at a necessary quality,
and with ensuring that updated models maintain the required validity for use in
clinical practice.

5 Conclusions

We have presented an overview of recent and ongoing research on learning from
EHRs and AHRs. Our review focused on Swedish health registries and con-
centrated around ADE understanding and detection, as well as modeling and
understanding the effectiveness of treatment for heart failure patients. More
concretely, we presented our recent work on detecting and understanding ADEs,
with focus on predictive modeling techniques, methods for mining dispropor-
tional patterns, and finally we present the ADE explorer, a tool for studying
ADEs from EHRs. in addition, we presented ongoing work on understanding
the effectiveness of treatment of heart failure from AHRs, with emphasis on
understanding the reasons behind the large variation of the usage rate of basic
treatment by 50 hospitals in Stockholm County. Finally, we discussed directions
for future research on our current projects involving EHRs and AHRs.
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