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Abstract. In this paper, we present a framework which enables medi-
cal decision making in the presence of partial information. At the core
is ontology-based automated reasoning; this is augmented with machine
learning techniques to enhance existing patient datasets. Our approach
supports interoperability between different health information systems.
This is clarified in a sample implementation that combines three sepa-
rate datasets (patient data, drug drug interactions and drug prescription
rules) to demonstrate the effectiveness of our algorithms in producing
effective medical decisions. In short, we demonstrate the potential for
artificial intelligence to support a task where there is a critical need from
medical professionals, coping with missing or noisy patient data and en-
abling the usage of multiple medical datasets.

1 Introduction

Medical decision support systems (MDSS) map patient information to promis-
ing diagnostic and treatment paths. The value of such systems has been shown
in various healthcare settings [1–3]. The properties of data, including repre-
sentation, heterogeneity, availability and interoperability play a critical role in
ensuring the success of MDSS. A decision making process should use all relevant
data from many distributed systems instead of a single data source to maximize
its effectiveness [4], but real-world medical decisions are often based on incom-
plete information due to the challenges posed by these properties when engaging
in data synthesis.

Many artificial intelligence (AI) techniques (including knowledge-based and
learning-based techniques) have been employed to deal with this information
challenge, and to create a robust, practical MDSS - most notably MYCIN [5],
Internist & Cadence [6], DXplain [7] and HIROFILOS-II [8]. Although prior
approaches have enjoyed partial success, neither alone has been completely suc-
cessful in real-world medical settings. Knowledge-based systems can suffer a
significant loss of performance when patient data is incomplete (e.g. patients
omit details, or access restrictions prevent viewing of remote medical records).
In contrast the decisions of learning-based systems cannot be easily explained,



and may have difficulty differentiating correlation from causation when making
recommendations [9].

Although both approaches have enjoyed partial success, neither alone has
been completely successful in real-world medical settings. Knowledge-based sys-
tems can suffer a significant loss of performance when patient data is incom-
plete (e.g. patients omit details, or access restrictions prevent viewing of remote
medical records), while the output of learning-based systems cannot be easily
explained, may have difficulty differentiating correlation from causation when
making recommendations, and can produce models which are opaque to laypeo-
ple [9].

Our system leverages the benefits of machine learning, structured knowledge
representation, and logic-based inference in a novel fashion. We demonstrate on
real world data that it is capable of providing robust, intelligent decision sup-
port, despite the complexity of medical relationships and the inter-dependencies
inherent in medical decisions. Where previously machine learning (ML) in iso-
lation has been demonstrated to fall short[9], our hybrid architecture produces
decisions that are easy to verify and explain and, more critically, is also robust
to missing data.

To realize our system, we represnted raw patient information using onto-
logical concepts and placed it in structured triple-stores. Inference rules were
designed by a domain expert, and applied using a semantic reasoner to gener-
ate decisions. This made decisions produced by the system easy to validate and
explain, but the resulting knowledge-based system required complete informa-
tion, which limited its usefulness in the real world. We overcame this limitation
by augmenting a semantic reasoner with machine learning techniques to impute
values for missing data. Imputation models are generated in a pre-processing
stage and then integrated with the ontological system, allowing the system to
perform in real time. This results in a patient-centric, evidence-based, decision
support system.

Our proof-of-concept implementation employs three sources of information:
a large, real-world dataset of patient medical information, a drug interaction
registry, and a collection of medication prescription protocols. Preliminary re-
sults confirm that for practical medical scenarios, where patient data may be
missing or incomplete, our hybrid design outperforms both solutions which rely
exclusively on knowledge-based techniques and those which rely exclusively on
machine learning.

2 Implementation & Evaluation

In order to validate our proposed framework, we created a proof of concept
implementation focused around the knowledge management component and the
query execution component from an existing ontological decision support system
design [9]. We chose insomnia treatment as our line of inquiry, and used the
following real-world datasets:



1. Patient records drawn from the Center for Disease Control (CDC) Behav-
ioral Risk Factor Surveillance System (BRFSS) telephone survey for 2010
[10]. The BRFSS dataset contains a wide array of respondent information
including age, race, sex, and geographic location, along with information
about a wide range of common medical conditions like cancer, asthma, men-
tal illness, and diabetes. Many behavioural risk factors including alcohol
consumption, drug use, and sleep deprivation are also tracked. The dataset
contains information on 450,000 individuals defining over 450 attributes for
each individual. All of the data is numerically coded and stored in a struc-
tured format similar to a relational database.

2. A prescription protocol drawn from the Mayo Clinic [11] for use as expert
decision making rules corresponding to the prescription protocol for various
sleep aids.

3. A drug interaction registry [12] to identify drug-to-drug interactions.

(a) Ontology graph (b) BRFSS based patient record

Fig. 1: The figure depicts an ontological model representing the core concepts
used in the and their relationships. It also depicts the use of inference rules to
map raw data onto ontological concepts.

2.1 Knowledge Management Component

To instantiate the knowledge management component of the system design [9],
we created a simplified ontology to define the relevant key concepts and their var-
ious relationships, shown in Figure 1a. We created inference rules in accordance
with the BRFSS codebook which defined the semantics of different values for the
data attributes, to transform the numerically coded BRFSS data records into
corresponding instances of the ‘Patient’ concept. These rules were then applied
to all records to create a semantic knowledge-store of the BRFSS dataset.

Figure 1b describes a particular patient instance and the corresponding med-
ical information. The rules hasValue capture the raw BRFSS data, and the
BRFSS codebook based inference rules enrich the knowledge base by linking
the raw values to ontological concepts For example, a patient might have an



attribute SEX defined with a value of 2. The hasSex rule maps all patients with
a value of 2 for the SEX field as instances of the Female concept. Other patient
information (such as medical conditions, diseases etc.) was mapped in similar
fashion.

2.2 Query Execution Component

To instantiate our query execution component, we combined a semantic rea-
soner called ‘Euler Proof Mechanism: EulerSharp’ [13] with the WEKA machine
learning toolkit [14]. The semantic reasoner provided the main mechanism for
logic-based decision making in the system, while WEKA acted in a supporting
role to impute missing data.

We identified a subset of sleep aids and applied the Mayo clinic sleep aid pre-
scription protocol[15] to identify the conditions under which each drug should be
prescribed. Using the ontological concepts, this information was then translated
into inference rules for the decision making process. A local family physician as-
sisted in selecting the various drugs and validating our translation of the Mayo
clinic sleep aid prescription protocol[16]. Although the inference rules have been
kept simple, they do reflect real medical considerations for sleep aid prescription.
The generic forms of the resulting rules are given below, but specific interactions
were also verified with the physician.

1. drug-to-drug interaction rule: If a patient is currently taking an existing
drug D1, and D1 cannot be given with drug D2, then the patient cannot be
given drug D2.

2. drug-to-condition interaction rule: If a patient has some existing medi-
cal condition C, and a drug D has contraindication to the condition C, then
the patient cannot be given drug D.

3. drug-to-disease interaction rule: If a patient has a disease E, and a
drug D has contraindication to the disease E, then the patient cannot be
given drug D.

In order to deal with the missing values in patient records, we created clas-
sifiers using machine learning to predict values for the missing data fields. We
trained a classifier to predict each attribute using all complete data from the
BRSS dataset for the attributes of interest as a training set. For example, sup-
pose the sleep aid estazolam cannot be prescribed to elderly patients, making it
important to know a patient’s age. We first take all patient records in the BRFSS
set where the patient’s age is known, and partition this subset into training and
validation data. A classifier is then built using the training data. The perfor-
mance of this classifier on validation data can provide a point estimate of the
classifier confidence when making a decision, though we note that more elaborate
estimations of confidence are a possible avenue for future work. In future cases
where the patient’s age is missing, we apply our classifier to label the patient’s
age as either elderly or not. The predicted value is substituted into the patient’s
record, and the semantic reasoner is run again. The confidence of the decision
made by the semantic reasoner is based on the point estimate mentioned above.



2.3 Experimental Comparison

We conducted several experiments to evaluate the effectiveness of the proposed
hybrid decision making system. Patients who should be given sleep aids, accord-
ing to the Mayo clinic prescription protocol, were labelled as ‘positive’ exemplars,
and those who should not as ‘negative’ exemplars. When a system labeled a pa-
tient correctly in response to a query, a ‘true positive’ (tp) or ‘true negative’
(tn) was produced. Otherwise, a ‘false positive’ (fp) or ‘false negative’ (fn) was
produced. The results were evaluated in terms of:

1. Sensitivity: rate of positive exemplars labeled as positive.
2. Specificity: rate of negative exemplars labeled as negative.
3. Balanced accuracy: simple average of specificity and sensitivity [17].

Spec =
tn

tn+ fp
Sens =

tp

tp+ fn
balAcc =

Spec+ Sens
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2.4 Learning-based system

In order to assess the usefulness of our hybrid system over a purely learning-
based system, we began by evaluating the performance of four different machine
learning algorithms (decision stump, C4.5-R8, Bagging and AdaBoost) using the
BRFSS dataset as follows. We generated 50 different randomly selected training
sets (of two sizes: 2,500 exemplars and 5,000 exemplars), and used an infor-
mation gain based feature selection algorithm [18] to reduce each set to its 30
most informative attributes. For each algorithm, we trained a predictive model
(classifier) for every sleep aid in question, to predict whether a patient can be
given that sleep aid or not – essentially they were trained to produce the out-
put of the knowledge-based system based on patient data. We established the
ground truth for each data record using the semantic reasoner (since when a
knowledge-based decision can be made, we can assume 100% accuracy [19, 9]),
and then compared the predictive accuracy of each machine learning algorithm.
AdaBoost had the best performance across all four algorithms. Therefore, we
only compared our system to AdaBoost-derived classifiers. The overall accuracy
of AdaBoost when predicting the correct medical decision is low (roughly 0.5 on
a scale of 0 to 1, nearly equivalent to the performance of a degenerate classifier
but still statistically significantly better.)

Despite the poor performance of the learning-based system, we suspected it
would be tolerant to missing data. We evaluated the impact of missing informa-
tion on the performance of our learning-based system by removing known values
from the patient records. We defined � as the average number of attribute values
removed from a patient’s record, and varied � to from an average of 1

16 removed
values per record to an average of 6 removed values per record. For each value of
�, we trained an AdaBoost-based classifier using 50 sets of 5000 exemplars from
the partially-missing data. We then analyzed the impact of � (missingness) on
the performance of the AdaBoost-based learning-based system.
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Fig. 2: a. Impact of data missingness on balanced accuracy of AdaBoost-based
classifiers for training & test data.
b. Performance comparison of hybrid & knowledge-based models for noisy data

The results in Figure 2a show the mean values for balAcc across the range
of � values for the AdaBoost-based classifier. We found the distributions to be
approximately normal and no statistically significant differences in performance
across the different values of �. Furthermore, the performance of the classifier
was very similar across the training and the test data, suggesting that AdaBoost
is not over-fitting and is quite resilient to data omissions in the BRFSS-based
patient records.

2.5 Knowledge-based and Hybrid Systems

Finally, we compared the performance of our hybrid system with that of the
purely learning-based system described above and a purely knowledge-based sys-
tem that had no imputation capability. We used EulerSharp for the knowledge-
based reasoning and an AdaBoost-based classifier for the machine learning rec-
ommendation component. We selected the four data-sets corresponding to the
four highest values of �. For each � value we measured the degradation of the
knowledge-based decision making process. We trained an AdaBoost-based clas-
sifier to predict each patient attribute impacted by �. For each patient record,
the missing data values were replaced by the predicted values generated by the
machine learning models. The semantic reasoner then reevaluated the system
decision.

Figure 2b provides a performance comparison between the hybrid model
and the knowledge-based model for the four highest levels of missingness (�).
We note that the hybrid decision making model experiences slight performance
degradation in balanced accuracy as � increases (an increase of 0.5 in � causes



a decrease in performance of less than 1 percentage point). However, the per-
formance of the knowledge-based decision support model degrades substantially
for the same range of � (an increase of 0.5 in � causes a decrease in performance
of roughly 4 percentage points). Overall the hybrid model achieves excellent bal-
anced accuracy, meaning that its recommendations for medical decision making
are effective.

2.6 Standard Imputation Methods

Analysis of datasets with missing values is a very well-studied problem in statis-
tics, where multiple imputation (MI) techniques are often used [20]. When per-
forming multiple imputation, each missing value is imputed several times by
drawing feature values from a predictive distribution. This results in a collection
of imputed datasets. Each imputed dataset is the same shape as the original
dataset, and all of its non-missing values are identical to those in the original
dataset, but its missing values are “filled in” differently for each imputed ver-
sion. The collection of imputed datasets can then be used to produce unbiased
estimates of summary statistics like means and regression coefficients, as well as
statistically valid confidence measures for these statistics. Note that this goal of
producing an accurate summary of the dataset is different from our goal of ac-
curately predicting the missing values of individuals in the dataset. Nonetheless,
for completeness we investigated the use of multiple imputation in our system.

We examined one popular MI technique, Bayesian multiple imputation [21],
which assumes a particular joint probability model over the feature values and
draws imputed datasets from the posterior distribution of the missing data given
the observed data. This approach has been used in health survey analysis [22] in
the past. We used the mix open source package [23] for the the R [24] software
environment in order to test the “off-the-shelf” capabilities of the method. How-
ever we found that mix has several limitations that impede its performance: it
cannot use more than approximately 30 features (recall BRFSS has over 400 fea-
tures), it works very slowly, and it is not capable of making use of features that
have a high degree of missingness. In order to test mix, we had to hand-select
17 features create a single imputed dataset. Note that because of the modelling
assumptions inherent in Bayesian multiple imputation, it is not possible to do
separate feature selection when predicting different features.

Although we were eventually able to run mix on a portion of our dataset,
the process was not straightforward, and required many error-prone translations
between different dataset formats. As a consequence, we are unable to confidently
describe the outcome of using mix for imputations of this nature, except to note
that it is clearly not intended for this purpose. Future work may examine the
construction of a more appropriate problem-specific version of mix suitable for
use in a decision support environment.

In conclusion, our proposed hybrid system offers a substantial performance
advantage over alternatives both in the absence of missingness (compared with
machine learning systems), and the presence of missingness (compared with



purely knowledge-based systems or alternative methods of imputation). Con-
sequently, our system represents a robust solution to the problem of partially
missing data for decision support systems, especially in the medical domain.

3 Discussion & Conclusion

We have examined a real world problem of high importance: assisting medi-
cal professionals in making decisions based on current patient data and best
practices encoded in a rule base, in scenarios where there may be missing data.
Medical professionals with whom we have consulted[16] consider this to be a
critical challenge for which solutions are needed, one that is in fact common-
place (with patients routinely omitting or misrepresenting their current profile).
We demonstrate here that artificial intelligence techniques can be introduced
to great advantage in order to address this problem, yielding accurate medical
advice appropriate for patients and that in particular, simply relying on more
traditional probabilistic reasoning in isolation would not deliver what is needed
for this task.

Hybrid construction: We presented and validated a specific hybrid construction
of a medical decision support engine. Our proposed system processes user queries
mainly using logic based reasoning, and uses machine learning inference models
to cope with missing information. This approach has the distinct advantages
that all query results can be explained to the end user, and can be independently
verified for correctness by a third party (since the answers are based on logic).

Although our validation strategy used a very specific sleep aid prescription
scenario, the framework is generic enough to be used in other medical applica-
tions. In order to construct a solution for a different problem domain, a problem-
specific ontological model for data representation is defined, along with the ex-
pert inference rules for decision making. Then a machine learning algorithm that
works well with the given dataset can be used to predict missing values directly
from the raw data. Once the basic primitives have been defined, the system
construction is identical to the one proposed in this paper.

Related work: There is a great deal of interest in applying machine learning
techniques for clinical decision support systems [25, 26]. For this purpose there
are other approaches orthogonal to our work.

Zhu et al. [27] explored the use of machine learning algorithms in a geriatric
patient rehabilitation setting. They provided a comparative evaluation of two
machine learning techniques against the existing decision making process (using
only a clinical assessment protocol-CAP). Their results demonstrated a definite
advantage of using machine learning algorithms. However, they noted that the
machine learning techniques (alone) produced more false positives and false neg-
atives. Furthermore, the machine learning results were less readily interpretable.

Frize et al. [28] presented a different approach where a knowledge-based ex-
pert system was created to provide case-based reasoning capabilities. They trans-
formed raw patient data into patient cases, and then provided inference rules



to perform “near-match” search queries. Their particular construction is differ-
ent from Holmes as they only utilized statistical analysis (of the raw data) to
determine weights for ranking the results

Conclusion: Our approach of integrating machine learning with ontological rea-
soning makes use of the inherent advantages of both approaches in order to
offer the required accuracy for the medical domain. While we have sketched our
framework in operation with specific real world data sets and rule bases, we have
outlined how it can be employed in any medical decision context. Future work
will focus on designing an effective user interface to the decision support system,
with a view to progressing from an emerging application to one that is in fact
deployed.
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