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Abstract. This paper proposes a case-based system framework in order to identify 
patient using their health parameters taken with physiological sensors. It combines a 
personalized health profiling protocol with a Case-Based Reasoning (CBR) 
approach. The personalized health profiling helps to determine a number of 
individual parameters which are important inputs for a clinician to make the final 
diagnosis and treatment plan. The proposed system uses a pulse oximeter that 
measures pulse rate and blood oxygen saturation. The measurements are taken 
through an android application in a smart phone which is connected with the pulse 
oximeter and bluetooth communication. The CBR approach helps clinicians to make 
a diagnosis, classification and treatment plan by retrieving the most similar previous 
case. The case may also be used to follow the treatment progress. Here, the cases are 
formulated with person’s contextual information and extracted features from sensor 
signal measurements. The features are extracted considering three domain analysis: 
1) time domain features using statistical measurement, 2) frequency domain features 
applying Fast Fourier Transform (FFT), and 3) time-frequency domain features 
applying Discrete Wavelet Transform (DWT). The initial result is acceptable that 
shows the advancement of the system while combining the personalized health 
profiling together with CBR. 

1 Introduction 

The continuous monitoring of physiological measurements using wearable sensors has the 
potential to provide new opportunities for prevention and early detection of disease. 
Specifically, with appropriate data analysis, personalization to user specific conditions can 
be achieved providing detection when relevant to users. Observing parameters such as 
pulse, blood oxymetry, and blood pressure can be achieved with relatively cheap sensors 
that are easily integrated on the body in wireless area networks. Typically a three tier 
architecture is used where first the sensors collect the data, then transmit them to a local 



server such as a mobile  device, and finally data is sent to a remote server which can be 
accessed via specific clients e.g., physician at a health clinic. 

A particular challenge in these applications is to find suitable algorithms for data 
processing and interpretation, where previously several techniques have been applied such 
as Neural Network (NN) [16] and Support Vector Machine (SVM) [17]. These methods 
are often black box classification techniques which make it difficult for experts to gain 
further insight into the structure present in the data. This point is particularly relevant as 
medical personal are already challenged by the fact that continuous data e.g. pulse is 
normally viewed at discrete intervals and seldom over long periods with high sampling 
frequency (e.g., 1 Hz over 48 hours). Therefore increasing the level of trust and 
explication is paramount for these new applications which endeavor to provide more 
information about an individual’s health. 

In this paper, we investigate the use of Case-Base Reasoning (CBR) techniques which 
uses a personalized health profiling protocol and applies it to identify patients using based 
on physiological measurements. To handle the complex data processing, first a feature 
extraction and selection is performed on the raw measurements. The features are then fed 
to the CBR system. Patient's data is collected by using a personalized health profiling 
technique where each patient performs a set of scripted tasks during the first 9 minutes of 
collection. The objective of the system is to identify a subject based on subsequent 
measurements. If a subject is wrongly identified, we consider this as an anomalous 
situation and flag an alert. In this way, the initial profiling period is a form of 
individualized classifier. This method was chosen as it does not directly depend on the 
medical expertise which during discussions with the researchers had expressed a difficulty 
in labeling the continuous data. To better illustrate, if 'Subject A' a young healthy male 
has a set of measurements classified as 'Subject B' - a elderly female with cardiac 
arithemia, we consider this to be uncharacteristic of 'Subject A' and flag an alert. 
Therefore, a measure of success of the system resides in its ability to minimize false 
negatives when re-identifying the patients outside the 9 minute profile. 

2 Overview of the System 

The case-based Clinical Decision Support System (CDSS) for patient identification using 
physiological parameters has been designed and developed using a client-server based 
approach. That is, all the physiological measurements and cases are saved in a CBR 
library located on a remote server. Moreover, feature extraction, case formulation, and 
case-retrieval are also conducted on the server side. In the client side, an android 
application is deployed in a smart phone which collects subject’s measurements using a 
pulse oximeter. The pulse oximeter is connected to a subject’s finger as shown in fig.1, 
pulse rate and oxygen saturations data are measured and sent to the smart phone using 
bluetooth communication. The measurements are saved into the smart phone in ‘.txt’ 



format and finally uploaded to the server. The steps and the data flow of the CDSS are 
illustrated in fig 1. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
          

 
 
 
The CDSS starts with a data collection step in which the measurements are collected 

using a personalized health profiling protocol discussed later in this section. The protocol 
is implemented in a smart phone using android 2.3.3 programming environment where the 
“WristOx2” sensor is connected through Bluetooth communication. The details of 
Bluetooth communication and information about “WristOx2” sensor can be found in [20]. 
After finishing the test protocol, the measurements are uploaded to a server, features are 
extracted and a new case is formulated. The new case is then entered into CBR cycle and 
in the retrieval step, the similarity value is calculated among the stored cases as presented 
in [1]. The server retrieves the most similar case depending on user defined similarity 
threshold and finally sends the most similar case information to the subject. At the same 
time, the server also sends a sms and email notification to the clinician and generates a 
warning alert if the stored cases are not similar to the new case. Here, the system also 
considers the user defined similarity threshold. Note that the server calculated the 
similarity using a very basic CBR approach, so only a simple matching algorithm is 
implemented. However, a web enable case-based CDSS is also provided. Here, clinicians 
can see details about the contextual information and measurements about a subject; 
moreover, an advance CBR is functioning in order to monitor the subject remotely. 
Further details on this implementation are presented later in this paper. 
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Fig. 1. The steps and the data flow of the CDSS. 



2.1 Establishing a Personalized Health Profile 

A personalized health profiling is a test protocol which contains several steps with various 
tasks in different time durations [21]. Here, the system establishes an individual health 
profile without considering any clinical details. The steps and the overall procedures are 
illustrated in table 1. 

Table 1. Procedures for establishing a personalized health profile. 

Test Phases 
Procedure 

Phase 1 Phase 2 Phase 3 Phase 4 

Condition Baseline Deep Breath Activity Relax with Biofeedback 
Observation Time 1 minute 2 minutes 4 minutes 2 minutes 

Tasks 
Subject 
reads 

newspaper 

Subject 
takes breathe 

deeply 

Subject is does exercise  

  

Subject tries to relax 
using biofeedback 

training  

 

Phase1 can be seen as an indicator on whether the subject has a stable baseline. Here, 
the subject is requested to read any neutral text (i.e., daily newspaper) during this step. 
Using this phase, we can identify an individual’s basic pulse rate, and also note 
fluctuations and other effects. During phase2 the person breaths deeply which under 
guidance normally causes relaxation. Also how quickly the changes occur during this step 
is relevant to health profiling and recorded together with observed fluctuations. In Phase3, 
the subject is asked to walk at 4 to 6 km per hour using a walking exercise equipment or 
alternatively cycle at 70 to 90 rpm. During this phase, the pulse rate of a subject could be 
increased and the variation of pulse rate is an important parameter. In Phase4, the subject 
is asked to relax using the system’s biofeedback instructions, for example how many 
times the subject should breathe during the relaxation period. How quickly the pulse rate 
of a subject is reduced can be observed during this phase. 

3 Case-Based Monitoring System 

The case-based patient identification system proposed here consists of three modules. The 
client’s side module contains an android application that collects the data from the pulse 
oximeter following the health profile. The android application also shows the user an 
acknowledgement obtained from the server when the data is uploaded successfully. When 
the server side application receives the data file, the file is parsed and the features 
extracted. It also calculates the similarities with all the other cases in the database and 
saves the maximum value of similarity into the database. This maximum value could be 
later used as the priority index of the cases that needs to be solved, since the case 
containing the lowest similarity value is different from the cases of the case base and 



might need urgent attention from an expert for review. The third module is a web 
application that is designed for the expert to analyze the cases. 

3.1 Feature Extraction and Case Formulation 

The collected measurements from the pulse oximeter are processed to extract features. 
Features are extracted from time domain, frequency domain and time-frequency domain. 
In the time domain, statistical features like maximum, minimum, arithmetic mean and 
standard deviation of data were considered. Besides the time domain, frequency domain 
was also considered for feature extraction as it has been observed in previous works a 
distinction  between healthy and diseased people’s data are visible in the frequency 
domain [2][14].  

 
In order to obtain the frequency domain features, a Power Spectral Density (PSD) was 

calculated. The PSD is the squared amplitude of the Discrete Fourier Transform (DFT) 
which is achieved by using Fast Fourier Transform (FFT) algorithm on the process 
measurements. Here, the measurements are processed through a scaling procedure to 
sample the measurements in 1Hz frequency range. From the power spectral density Low 

frequency power, High frequency power, Low frequency power to High frequency power 

ratio, Low frequency peak power spectral density and High frequency peak power 

spectral density were calculated [2]. Frequencies between 0.04 Hz and 0.15 were 
considered as low frequency and frequencies between 0.15 and 0.4 were considered as 
high frequency as shown in Fig 2 [2]. The power in high and low frequency regions were 
calculated by numerical integration of the power spectral density of the corresponding 
frequency range. The unit of the power spectrum density and power for the pulse rate 
were BPM2 (beats per minute) Hz-1 and BPM2 respectively. Similarly, the frequency 
domain features for the oxygen saturation were calculated, with the unit of the power 
spectrum density and the power of (%)2 Hz-1 and (%)2 respectively. 

A wavelet transformation method is used to extract features from the biomedical signals 
[15]. Unlike the Fourier transform, the wavelet transform can keep information of both 

Fig. 2. PSD plot of pulse rate, LF and HF region is marked by gray and dark gray. 



time and frequency, and as a result, features extracted from wavelet transform are 
considered as time-frequency domain features. Statistical features maximum, minimum, 
arithmetic mean and standard deviations were calculated from the approximation 
coefficient of wavelet decomposition of level 1. The function ‘Daubechies 2’ was used as 
the mother wavelet. Symmetric padding was used to make the data samples power of two 
to implement discrete wavelet transform. 

 

 
To formulate a case, all features from the three domains in four sessions plus the 

subjects’ contextual information (age, weight, gender, and blood pressure) were taken. 
Blood pressure was measured twice, once before and once after the end of taking 
measurements from pulse oximeter. As a result, each case contains total 59 (4 × 13 + 7) 
features. Features of the cases are illustrated in the Fig 3. Similarly, features are extracted 
for oxygen saturation considering three domains as presented above. 

3.2 Case Retrieval and Monitoring   

Weighting of features is an important task for retrieving similar cases. To determine the 
degree of importance of each feature, expert knowledge is needed. While feature 
weighting could be done automatically using some artificial intelligence techniques, t 
automatic weighting of the features tend not to be preferred in the medical domain. 
Moreover, in order to perform automatic weighting of the features, the algorithm needs a 
high volume of cases with their corresponding classification. In this work, the weights of 
the features are obtained from the domain expert. These weights are then used to retrieve 
similar cases, illustrated in Fig 4. Similarity of a feature value between two cases was 

Fig. 3. An example of a case with extracted features from pulse rate. 



measured using the normalized Euclidean distance between the feature values of two 
cases. Non numeric features such as gender is converted to numeric value by substituting 
the contextual value with a numeric one (1 for male, 0 for female).  

 

 
 

 

)}(,min{)}(,max{

)
1   ),sim(

(
ST ii iMinTiMaxT ii

ii STabs
−

−

−=

 
(1) 

The function to calculate the similarity of a feature between two cases is listed in 
equation 1, where Ti and Si are feature value of target and source case respectively; Max(i) 

and Min(i) represents the Maximum and Minimum value of the feature i obtained from 
whole case library; then “max” and “min” function compare the values between the new 
case feature Ti and Maximum and Minimum values obtained from the case library. The 
function returns 1 if the values are the same and returns 0 if the values are dissimilar.  
This is known as a local similarity function.  
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Similarity between two cases is then measured using the weighted average of all the 
features that are to be considered. The function for calculating similarity between two 
cases is presented in equation 2, Where Wi is the weight of the feature i. Note that, 
currently the CBR system functions in parallel both for the cases of pulse rate and oxygen 

Fig. 4. Local weights for extracted features defined by domain expert. 



saturation in the retrieval since there is no domain knowledge are defined to combined 
them. In order to achieve a combine similarity value both considering pulse rate and 
oxygen saturation a further study is needed.  

4 Results and Evaluation 

The CDSS retrieves the most similar cases considering two categories 1) most similar 
cases retrieved from the cases within the subject and 2) from the whole case library as 
illustrated in Fig 5 and Fig 6.  

 
 
 

 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
The CDSS using case-based retrieval is verified by implementation as a prototype 

where all the implemented methods are compared according to their outcome, that is, in 
terms of the technical point of view. According to Watson [22], these trials have been 
conducted through the following 4 tests: 1) retrieval accuracy 2) retrieval consistency 3) 

Fig. 5. The system retrieves most similar cases within the subjects. 

Fig. 6. The system retrieves most similar cases from the case library. 



case duplication and 4) global test. For the test retrieval accuracy, a “leave-one-out” 
retrieval technique is used i.e. one case is taken from the case library as a query case and 
then the system retrieves the most similar cases. Among the retrieved cases, the query 
case is also retrieved as the top similar case with the similarity value 1.0. That is, the 
similarity value of two same cases is computed as 100% match presented in Fig 5 and Fig 
6.      

Note that, the solution parts of the cases are not considered for the evaluation purpose, 
since the hypothesis is “correct identification of a subject”. That means, the CBR system 
can retrieve most of the similar cases of a subject when the query case belongs to that 
subject. To test the retrieval consistency, the same query is used to perform more than one 
similar search and if it has been found that the same stored cases have been retrieved with 
the same similarity, then the implemented retrieval function is considered to have 
consistency. It is also observed that no cases are identical during retrieval except the query 
case, when it matches itself, thus case duplication is also checked. Regarding the global 

test, we are awaiting for expert classification and their involvement which is ongoing in 
this study. 

5 Related Work 

Decision Support Systems (DSS) that bear similarities with human reasoning have 
benefits and are often easily accepted by physicians in the medical domain [3, 4, 5, 6, 7 
and 13]. CBR in health sciences that show recent advancement and development can be 
found in [18][19]. Some of the recent medical DSSs using the CBR approach are 
presented below: a) ExpressionCBR [8], the system is a decision support system for 
cancer diagnosis and classification. b) GerAmi [4] ‘Geriatric Ambient Intelligence’, is an 
intelligent system that aims to support healthcare facilities for the elderly, Alzheimer’s 

patients and people with other disabilities. c) geneCBR [9], is focusing on classification 

of cancer, based on a gene expression profile of microarray data. d) Marling et al. in [10], 
described a case-based DSS to assist in the daily management of patients with Type 1 

diabetes on insulin pump therapy. In adjusting patient-specific insulin dosage the system 
considers a real-time monitor of the patients’ blood glucose levels and their lifestyle 
factors e) the stress management, CBR is used in order to diagnosis stress [3], [11] and 
thereafter for biofeedback treatment [12]. All the systems mentioned above use CBR, 
however most of those systems mainly perform classification tasks and only a few of 
them can be used health monitoring. Some of those systems use similar protocols during 
collecting data whereas they differ in time duration of the sessions and tasks done by the 
subjects. 



6 Conclusion 

This paper presents a case-based patient identification system where the parameters taken 
through physiological sensors called “WristOx2”. Here, the proposed system combines a 
personalized health profiling protocol with Case-Based Reasoning (CBR) approach. The 
personalized health profiling helps to established individual health parameters. The 
overall system was designed and developed in three-tier client server-based approach. 
Measurements are collected through an android application and a case library is 
implemented in remote server. A web-enabled CDSS has been provide which can be 
accessed via specific clients e.g., physician at a health clinic in order to monitor health. 
Three domain features have been used. The initial result shows that the system can find 
similar cases for similar subjects. 
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