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Abstract—This paper provides a practical guideline for the
assurance and (re-)usage of clinical data. It proposes a process
which aims to provide a systematic data quality assurance even
without involving a medical domain expert. Especially when
(re-)using clinical data, data quality is an important topic
because clinical data are not purposely collected. Therefore,
data driven conclusions might be false, because a given dataset
is not representative. These false data driven conclusions could
even harm the life of patients. Thus, all researchers should
adhere to some basic principles that can prevent false conclusions. Twelve empirical experiments were conducted in order
to prove that my process is able to assure data quality with
respect to the descriptive and predictive analysis. Descriptive
results obtained by applying stratified sampling are conflicting
in four out of nine population inputs. Sampling is carried
based on the top ranked feature drawn by the Contextual Data
Quality Assurance (CDQA). Between datasets these features
are confirmed by the Mutual Data Quality Assurance (MDQA).
Stratified sampled inputs improve predictive results compared
to raw data. Both Area Under the Curve (AUC) scores and
accuracy scores increase by three percent.
Keywords-data quality; decision quality; healthcare; clinical
data; EHRs; data quality assurance; stratified sampling; bias

I. I NTRODUCTION
Data quality refers to the degree of fulfillment of all
those requirements defined for data, which is needed for a
specific purpose [1]. This definition is aligned to the widely
adopted definition of quality: ”Quality is defined through
fitness for use” [2]. Those definitions imply two interesting
traits of data quality. First, a comprehensible assurance of
data quality can be made only after setting up a data mining
goal. Second, an appropriate degree of quality is defined
based on the data mining goal. Another definition of data
quality defined by Jeff Saltz: ”Data quality is being an
integrated aspect of an end-to-end process” [3]. It means
that data quality is not limited to a single step in a data
mining process. For instance, ”If a data product can serve
a data mining goal, then data quality is high.” is a true
statement, but the converse of that statement ”If data quality
is high, then a data product can serve a data mining goal”
is not necessarily true. In other words, high data quality is
not sufficient to meet the data mining goal, but multiple
steps in the process need to be addressed. For instance,

data cleaning (e.g., improve data completeness, uniqueness,
correctness and more), data selection (e.g., selection bias
and confounding factors) and modeling (e.g., appropriate
algorithms) are the relevant steps.
In the medical domain, data quality is a corner stone for
ensuring robust healthcare services. Without data quality, it
is hard to make a high quality decision with evidences at
the right timing [4]. In fact, a minor defect of data quality
can lead to various negative impacts. It is particularly true
in the medical domain because bad data quality could harm
the life of a patient. For instance, consider there is a clinical
application which diagnoses a type of tumor whether it is
benign or malignant. A wrong decision, particularly the false
negative error (also known as a Type II error), derived by the
application could risk the life of a patient, because patient
would miss a right timing to get a proper treatment.
With respect to the type of medical data, data quality
plays an important role in a clinical data type. Two types
of data are available in the medical domain: research data
and clinical data. The research data are collected from
Randomized Controlled Trials (RCTs), whereas the clinical
data are collected for a billing purpose. Clinical data are a
history of patients’ records also known as Electronic Health
Record (EHR) data or Electronic Medical Record (EMR)
data. RCTs are the gold standard data in clinical research,
but it is resource intensive to conduct RCTs for every disease
case and for a certain patient cohort. Furthermore, it is
often not ethical to implement RCTs because it requires
to discriminate two patient groups receiving a medical
treatment. As a consequence, clinical decisions driven by
purposefully collected research data are not yet popular
among the healthcare providers. Only 10 - 20 % of clinical
decisions are made based on the RCTs’ results, according
to the 2012 Institute of Medicine Committee Report [5].
Recently, observational studies have gained more attention
among researchers due to its ease of patient recruitment,
while not charging additional costs. Many researcher are
trying to reuse existing EHR data to discover a clinical
evidence.
However, despite the numerous advantages of reusing
EHR data, there are some concerns against reusing clinical

data. The main reason is that EHR data are just historical
data, not purposely collected to find a clinical evidence.
For instance, some researchers argue that one should only
use data for the purpose it was collected for [6]. Moreover,
numerous observational studies suffer from biases and therefore results may not be the ground truth. Often even two
observational studies using the same data sets produce paradoxical results. For example, two independent observational
studies [7], [8] produced conflicting conclusions, despite the
fact that the two studies analyzed the same database over
approximately the same period [9]. Therefore, considering
data quality is not an option, but a must before reusing
observational data.
In fact, it is ideal to take advice from a domain expert
on data quality, as well as intermediate and final results
and also on whether the research objective is achieved or
not. Unfortunately, it is not easy to motivate a committed
domain expert to participate in a recursive and therefore
a tedious data mining process. Thus, there is a growing
demand for a new approach in data quality assurance that
is more objective but and less reliant on input from a
domain expert. This paper meets such demand by combining
numerous conventional data quality assurance methods and
machine learning algorithms. Section 2 provides an overview
of a conventional approach and proposes two innovative
approaches for data quality assurance. Section 3 is a case
study on two EHR datasets on which three data quality
assurances are applied. The case is continued in Section 4
which focuses on achieving the better data mining objective
through the three steps of quality assurance. In Section 5, a
conclusion is drawn and some proposals for future research
are proposed.
II. DATA Q UALITY A SSURANCE
If something cannot be measured, then it is impossible
to be managed. This simple principle also applies toward
data quality management. Data quality cannot be managed
without data quality assurance. Data quality assurance is
a set of activities in the data preparation phase along the
data mining process. Toward the systematic data quality
management, data quality assurance needs to be quantified
and conceptualized as a set of dimensions. Many researchers
have investigated and identified various dimensions [10],
[11], however there is no clear consensus among researchers.
BT Hazen et al. [12] identify four dimensions in common
among the following eight studies [13], [14], [15], [16], [17],
[18], [19], [20]: Completeness, Accuracy, Consistency and
Recency.
This paper uses only three primary dimensions except Accuracy, which indicates a degree of the errors in a variable.
Accuracy is an essential dimension to measure data quality.
However the correct set of values or correct value range,
needs to exist or to be predefined by the domain expert.
Thus, this dimension is excluded to minimize the need to

Table I. F IVE DATA Q UALITY D IMENSIONS IN T HREE C ATEGORIES
Category

Dimension
Completeness

Intrinsic

Uniqueness
Recency

Contextual

Relevance

Mutual

Consistency

Description
Are all data recorded? No missing
value is the ideal condition
How is the cardinality in a column?
Are there many duplicated records?
Are data up-to-date? Can the data
mining goal be achieve within the
time frame?
How relevant is each feature to the
target feature (data mining goal)?
How similar is the given dataset to
another dataset in terms of the
relevance of features?

rely on domain experts. On top of these three dimensions,
two additional dimensions are added as shown in Table I.
Five dimensions are classified into three groups with respect
to the consideration of assurance objective. Intrinsic Data
Quality Assurance (IDQA) attempts to avoid a source of
errors. The objective of IDQA is to ensure the quality of
data its own. Contextual Data Quality Assurance (CDQA)
attempts to avoid selection bias also known as selection
effect. It aims to ensure the given data can represent the
population to be analyzed. Finally, Mutual Data Quality Assurance (MDQA) attempts to confirm the identified CDQA
by comparison with another yet similar data.
A. Process
We propose a process which aims to achieve a high degree
of data quality (also known as data fitness) for the data
mining goal. As shown in Figure 1, the process consists
of numerous recursive steps. The essential steps are the
three assurance steps: IDQA, CDQA and MDQA and the
corresponding case study is described in Section III. The
four of symbol # in the Decision block denoted as a diamond
shape need to be defined in advanced. A decision, which of
two paths will take, is made based on the defined value. The
case study in this paper sets the four thresholds as follows:
Uniqueness < 0.3, Completeness < 0.7, Recency < 10-years
and Kappa score > 0.61.
B. Intrinsic Data Quality Assurance
IDQA is aligned to the popular concept in the computer
science called ”Garbage In, Garbage Out”. The dimensions
in this group are independent to the data mining goal, thus
native to the data can be measured objectively.
• The dimension of Completeness is a degree to the
missing data values in a variable or in a table. The
metric to measure the completeness is straightforward
as follows:
#of N otN ullRecords
Completeness =
∗ 100
#of Records
It is a ratio between the number of complete items
and the total items. For instance, if a variable or a

C. Contextual Data Quality Assurance

Figure 1.

•

Recursive process of data quality assurance

table is missing 30 percent of values out of 100 of
all entries, then the variable or the table achieves 70
percent completeness.
The dimension of data Uniqueness is a column level
measurement and it is also known as cardinality.
Uniqueness is measured as follows:
U niqueness =

•

Cardinality
∗ 100
#of Records

For instance, a variable containing a high cardinality
would be a ID column which is normally a primary
key. In general, high cardinality variables are discarded
in predictive modeling if it is not transformed. C Guo
et al. [21] and J Moeyersoms et al. [22] introduce an
elegant way to transform such variables, but it is out
of the scope for this paper.
The dimension of Recency is a degree to how recent
data are. It measures how up-to-date the input data are
with regard to deliver the data mining goal. According
to Bouzeghoub et al. [23], there are two metrics to
measure data recency: currency factor [24] and timeliness factor [11]. The currency factor measures the gap
between the extraction data and the date of delivery to
a data product consumer as follows:
Currency = Dateof Extraction − Dateof Delivery
The timeliness factor captures the frequency of the data
modification. In this paper, only currency factor is used
to measure the Recency of data.

CDQA aims to identify the most relevant variable for the
data mining goal. Thus, the result of CDQA varies from the
data mining goal unlike IDQA. The identified variable will
be later facilitated to conduct a stratified random sampling
which is a well-known technique to reduce a bias from
data. In order to identify such variable, this study uses
Feature Selection (FS) methods. FS measures the degree
of dependency between every variable and a target variable
which is the data mining goal.
FS is a member of dimensionality reduction techniques
and it selects a subset of given variables without any reformation. In other words, FS keeps the original values instead
of generating a new set of variables using transformation.
Thus, it is a suitable methodology in a domain where the data
are encouraged to be preserved such as sequence analysis,
microarray analysis and single nucleotide polymorphism
analysis. In general, there are two taxonomies classifying
a subtype of FS techniques.
With an availability of a target variable, FS can be classified either supervised feature selection and unsupervised
feature selection [25], which lacks a target variable. Concerning how the model and FS interact, FS can be classified
as one of three classes: filter methods, wrapper methods
and embedded methods [26]. A number of researchers in
the medical domain have applied FS [27], [28], [29] as a
preprocessing tool to create a better model, however, there
is no one yet who applied FS as a data quality assurance
metric to the best of my knowledge.
D. Mutual Data Quality Assurance
In the previous step, the significant features are recognized
by FS techniques. However, it is hard to claim it as a ground
truth because an observational dataset such as a clinical
dataset always has a potential of bias. Perhaps the most
significant feature might be valid in the given dataset only.
Therefore, the result needs to be cross checked to confirm
whether the significant features are still significant in another
yet similar dataset. It is carried out in two steps. First, the
same procedure of FS is applied to another EHR dataset.
Then the level of CDQA inter-agreement between two
results is determined based on the result of the Quadratically
Weighted Kappa (QWK). QWK is a type of weighted kappa
and [30] which is defined as:

k 
(ai − bi )2
1X
1−
QW K =
k i=1
(k − 1)2
where k is the total number of elements and ai and
bi are each element from two comparable lists. It is a
tool to estimate inter-agreement between two raters and the
output score ranges between zero to one. If the output score
approaches to one, it means that the two CDQA results are
more identical. QWK is best applied on ratings on an ordinal

Table II. I NTERPRETATION OF K APPA S CORE R ANGING B ETWEEN Z ERO
A ND O NE . T HE C LOSER TO O NE , THE M ORE I DENTICAL THE T WO
I NPUTS
Kappa score
0
0.01-0.20
0.21-0.40
0.41-0.60
0.61-0.80
0.81-0.99

Interpretation of the inter-agreement
Less than chance agreement
Slight agreement
Fair agreement
Moderate agreement
Substantial agreement
Almost perfect agreement

scale. Table II[31] and it illustrates the association between
kappa score and the corresponding interpretation. It is arbitrary, but it provides a reasonable scale for benchmarks.
E. Tools
Instead of using commercial tools, this paper utilizes only
open source libraries. In particular, three Python libraries
are facilitated for three steps of data quality assurance.
For the IDQA, we use pandas-profiling 1 . It generates a
comprehensive and user-friendly statistical summary. For the
CDQA, we apply SciKit-Learn Laboratory 2 and scikit-learn
(sklearn) 3 . SciKit-Learn Laboratory contains numerous
evaluation metrics and QWK metric is used to measure the
inter-agreement. sklearn contains various machine learning
algorithms for FS, stratified sampling, modeling and model
evaluation.
In fact, pandas-profiling at the step of IDQA can be
replaced by any tool. A large number of data cleaning
tools are publicly available: Talend 4 , TopNotch 5 , PDQ
Tracker 6 and DataCleaner 7 . Additionally, some tools are
supporting distributed data systems, but it is out of scope
in this paper: Griffin 8 , drunken-data-quality 9 and Data
Quality for BigData 10 .
III. C ASE S TUDY PART I:
DATA Q UALITY A SSURANCE
The first form of Electronic Health Record (EHR) data
were collected in the 1960s [32] for a billing purpose. EHR
data these days need to be kept for a sufficient length of
time for compliance with laws and regulations. For instance,
the minimum retention periods of EHR data in the United
Kingdom is 30 years, while those in Sweden need to be kept
permanently [33]. Thanks to the open data initiative, several
EHR data sets are publicly accessible. For example, Medical
1 https://github.com/jospolfliet/pandas-profiling
2 scikit-learn-laboratory.readthedocs.io
3 https://github.com/scikit-learn/scikit-learn
4 https://github.com/Talend/data-quality
5 https://github.com/blackrock/TopNotch
6 https://github.com/GridProtectionAlliance/pdqtracker

Information Mart for Intensive Care (MIMIC) database 11 ,
the National Comorbidity Survey (NCS-1) 12 and the PatientCentered Outcomes Research Institute (PCORI) 13 consist of
a large amount of data.
A. Datasets
This study demonstrated the data quality assurance using
MIMIC-III datasets. It is freely accessible datasets comprising of 40k de-identified patients admitted to intensive
critical care units (ICU) in the Beth Israel Deaconess
Medical Center in Boston, Massachusetts. MIMIC contains
various datasets including medical history, demographics,
medication, laboratory results, care notes from care givers,
radiology images and more. We prepared an input dataset
comprising patients’ demographic information and a target
variable which consists of two possible states, whether or
not a patient died in the hospital. All demographic variables
are categorical except Age which is a continuous variable.
Since MIMIC is de-identified, Age variable is not given in
the MIMIC datasets. Thus, the age for each patient is derived
by difference between their first admission date and the date
of their birth.
B. Data Mining Goal
The data mining objective of this case study is a mortality
prediction among adult patient populations who are 20-yearold or above at the date of their first admission. Beside
of the mortality prediction, there are several data mining
applications available in ICU. For instance, Daily Score
indicates a sequence of patient’s statuses over time, Glasgow
Coma Scale offers a status for the central nervous system,
Length of stay predicts a duration of inpatient days and
Mortality Prediction provides a potential mortality.
C. Intrinsic Data Quality Assurance
The IDQA of MIMIC dataset is automatically generated
by pandas-profiling library in Python as shown in Table III.
The result of Completeness shows that there is no missing
value in MIMIC data. In the case of a high missing values,
a statistical technique called imputation can be applied to
replace missing values with substituted values. The result of
Uniqueness indicates that diagnosis variable has a high cardinality. It means that there are variety types of diseases in
MIMIC data. The temporal coverage of MIMIC is between
2001 and 2012 indicated by the minimum date value and
the maximum date value of the admission variable. Thus,
the currency factor (Recency) is 5 years by subtraction latest
year (2012) from the current year (2017).

7 https://github.com/datacleaner/DataCleaner
8 https://github.com/apache/incubator-griffin

11 http://mimic.physionet.org

9 https://github.com/FRosner/drunken-data-quality

12 http://www.icpsr.umich.edu/icpsrweb/ICPSR/studies/6693

10 https://github.com/agile-lab-dev/DataQuality

13 https://www.pcori.org

Table III. A N OVERVIEW OF I NTRINSIC DATA Q UALITY A SSURANCE :
C OMPLETENESS (M ISSING ) AND C ORRECTNESS (U NIQUE )

Variable

Variable
type

Missing
(%)

age
gender
ethnicity
admission type
diagnosis
discharge location

Numeric
Categorical
Categorical
Categorical
Categorical
Categorical

Uniqueness
(%)

0.0
0.0
0.0
0.0
0.0
0.0

0.2
0.0
0.1
0.0
26.0
0.0

ratory results and more. Likewise for MIMIC data, GCD
are prepared with the same demographic variables and the
target variable as MIMIC input data. Table V represent the
relevancy level of each feature. To my surprise, the most
significant feature remains the same as before. In general, the
order of feature relevancy remains similar since the QWK
result turns out 0.699. According to the scale in Table II, the
result is in the substantial agreement range, which indicates
it is robust and trustful.
IV. C ASE S TUDY PART II:
E VALUATION

D. Contextual Data Quality Assurance
In the previous step, MIMIC data comply with three
dimensions of IDQA very well. However, it is worth to
note that good IDQA does not lead to the better CDQA.
To comply with CDQA, data must be relevant to the data
mining goal, which is the mortality prediction in use case.
The results of four FS methods are illustrated in Table IV.
It shows the relevancy level of each feature to the target
variable, mortality. According to the result, age feature is
the most significant feature and the second most significant
feature turns out admission type feature comprising of three
categorical values: Emergency, Urgent and Elective.
E. Mutual Data Quality Assurance
In the previous step, the age feature was identified as
the most significant feature, but this may not be the case
in another dataset. In this section, MDQA is demonstrated
using another yet similar clinical dataset from Geisinger
Health System. Geisinger Clinical Data (GCD) contain 171k
of de-identified patients who suffered or are still suffering
from a mood disorder. GCD contains also various datasets
including medical history, demographics, medication, laboTable IV. MIMIC DATA F EATURE R ANKS BY F OUR F EATURE
S ELECTION M ETHODS . T HE L AST C OLUMN I S T HE AVERAGED R ANKS
Variable

Univariate

Mutual
info.

Chi
square

R.
forest

Avg

age
gender
ethnicity
admission type
diagnosis
discharge location

1
6
3
2
5
4

2
6
5
1
3
4

1
6
5
4
2
3

2
6
5
1
3
4

1
6
5
2
3
4

Table V. G EISINGER DATA F EATURE R ANKS BY F OUR F EATURE
S ELECTION M ETHODS . T HE L AST C OLUMN I S T HE AVERAGED R ANKS

This section continues the case study from the previous
section. The process of data quality assurance has been
completed, but does the better data quality lead a better
analysis? How does the better data quality impact on the
final decision? This study evaluates these questions in two
separated evaluations as shown in Figure 2. Prior to the
evaluations, two data inputs need to be prepared: One input
is raw MIMIC dataset as a base line, which consists of
adult patients older than 19 years of age in ICUs. Another
dataset is subset of the raw dataset stratified by age which
is the most significant feature identified by CDQA and then
confirmed by MDQA. Stratified sampling [34] partitions a
population (an input dataset) equally into a set of subpopulations called strata. Then, the same number of records are
randomly taken from each stratum. Both datasets consist of
mortality status (the target variable) and eight demographic
variables including age, gender, marital status, insurance
type, ethnicity, religion, admission type and ICD-9 disease
category.
A. Mortality Rate
Mortality rate is a descriptive analysis, also known as
crude death rate. It is an estimation of the portion of a
population that dies during a specified period [35]. Note that
the ratio units are of the deaths per 1,000 records, instead
of 100 records. Twelve populations of different interest are
decomposed into seven strata of the ten-year age stratum
(e.g. 20-29 years, 30-39 years and up to 80-89 years). Figure
3 illustrates twelve corresponding distributions of an interest
including: all patients, alive patients, deceased patients and
nine major International Classification of Diseases (ICD-9)
categories as follows:
•
•

Variable

Univariate

Mutual
info.

Chi
square

R.
forest

Avg

age
gender
ethnicity
admission type
diagnosis
discharge location

1
6
2
4
3
5

1
6
5
4
2
3

1
4
6
5
3
2

1
6
5
4
2
3

1
6
5
4
2
3

•
•
•
•
•
•
•

(001-139):
(140-239):
(240-279):
(280-289):
(290-319):
(390-459):
(460-519):
(520-579):
(800-999):

infectious diseases
neoplasms
endocrine and immunity disorders
blood disease
mental disorders
circulatory diseases
respiratory diseases
digestive diseases
injury

Figure 3. Histograms of twelve populations in MIMIC data. (Y-axis) is
mortality rate and (X-axis) is age

Figure 2. An evaluation process for two analyses: mortality rate and
mortality prediction

1,705 records are randomly taken from each stratum
because the smallest stratum, the age range 20-29, consists
of 1,705 records. The mortality rate comparisons are shown
in Figure 4 and it is noteworthy to see the four populations
in green color. They may draw two conflicting conclusions
before and after applying the sampling method. For instance,
1.9 out of 1,000 patients die if they suffer from the mental
disorders (290-319) before applying the sampling method.
It is two times lower than the mortality rate of all patients
which is conflicting with the result after applying the sampling. The distribution patterns of those four in Figure 3 are
also peculiar except the circulatory diseases patients (390459).
B. Mortality Prediction
Beyond the descriptive data analysis, this section attempts
to predict the risk of death for adult patients. Twelve binary
classifiers are created based on the combination of two input
data and six machine learning algorithms or estimators. For
the model evaluation, k-fold cross validation is facilitated.
It partitions the given input dataset into k subsets, then
it averages of the k times evaluation scores. Two metrics,
Area Under the Curve (AUC) and Accuracy, measure how
good the classifier is. An AUC score of 1 means a perfect
classifier, whereas AUC score of 0.5 indicates a random
guess. An Accuracy of 1 indicates a perfect accuracy,
whereas an Accuracy of 0 is same as a random guess. The
corresponding prediction performances are shown in Table
VI.

Figure 4. Mortality rate (Y-axis) comparison in MIMIC between raw data
and stratified sampled data. (X-axis) is populations of all patients and nine
major disease categories

Table VI. M ORTALITY P REDICTION C OMPARISON BETWEEN R AW DATA
AND S TRATIFIED S AMPLED DATA IN MIMIC. D ECISION T REE (DT),
E XTRA T REES (ET), R ANDOM F OREST (RF), L OGISTIC R EGRESSION
(LR), G RADIENT B OOSTING (GB) AND C ALIBRATED C LASSIFIER (CC)
Classifier
DT
ET
RF
LR
GB
CC
Average

All patients
AUC
Accuracy
0.74 ± 0.06
0.72 ± 0.06
0.77 ± 0.06
0.71 ± 0.06
0.76 ± 0.06
0.70 ± 0.06
0.70 ± 0.06
0.65 ± 0.06
0.77 ± 0.06
0.70 ± 0.06
0.70 ± 0.06
0.64 ± 0.06
0.74 ± 0.06
0.69 ± 0.06

Sampled
AUC
0.76 ± 0.06
0.81 ± 0.06
0.80 ± 0.06
0.72 ± 0.06
0.79 ± 0.06
0.71 ± 0.06
0.77 ± 0.05

patients
Accuracy
0.73 ± 0.06
0.76 ± 0.06
0.75 ± 0.06
0.69 ± 0.06
0.73 ± 0.06
0.66 ± 0.06
0.72 ± 0.05

Algorithms with the stratified sampled input are able to
improve the prediction. It increases upon the baseline data,
all patients, by predicting three percent better for both AUC
and Accuracy. Also the standard deviation declines by one
percent.
V. C ONCLUSION
Data quality is a corner stone for assuring a high quality of
decision making across domains. In particular, it is a critical
topic in the context of reusing EHR data, because a false
data driven conclusion can harm the life of a human subject.
Therefore, it might be dangerous to draw a medical conclusion without conducting data quality assurances because it
can minimize the false conclusions. The contributions of this
paper are as follows:
• Five conventional data quality dimensions are classified into three categories as: Intrinsic Data Quality
Assurance (IDQA), Contextual Data Quality Assurance
(CDQA) and Mutual Data Quality Assurance (MDQA).
Each category is mutually exclusive, meaning that a
high score of IDQA does not imply a high score of
MDQA.
• A multi-layered process combining the three categories
was proposed and the proposed process has been evaluated compared to the naive approaching. The evaluation
result demonstrated that the proposed process is able to
draw a more robust conclusion without involving any
assumption or hypothesis.
One may say that standardized mortality ratio [36] may carry
similar result, but the process proposed in this paper does not
need to involve a medical domain expert. This can decrease
the complexity and save numerous human resources.
For the future work, one can consider to conceptualize
Velocity as a new data quality dimension. For instance,
Which metrics can be applied to measure the speed of
decision and how can we determine the quality or impact
of the real-time decision? A real-time clinical decision
supportive system could save more lives in certain domains
like the emergency department, thus this topic needs to be
addressed by more researchers.
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