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  Abstract   Decision making in healthcare is unstructured, complex and critical. 
Today, given the healthcare professionals are continually under immense time 
pressure to make appropriate treatment decisions. Moreover, in order to make such 
decisions it is necessary for them to process large amounts of disparate data and infor-
mation. We contend that such a context is appropriate for the application of real time 
intelligent risk detection decision support system. To illustrate the benefi ts of risk 
detection to improve decision effi cacy in healthcare contexts we focus on the case of 
the orthopaedic operating room for hip and knee replacements. In the orthopaedic 
operating room complex high risk decisions must be made which have for reaching 
implications on the success of the surgery and ongoing quality of life of the patient.  

  Keywords   Data mining  •  Decision support system  •  Healthcare systems  •  Intelligent 
risk detection decision  •  Knowledge discovery      

    2.1   Introduction 

 Effective decision making is vital in all healthcare activities. While this decision 
making is typically complex and unstructured, it requires the decision maker to 
gather multi-spectral data and information in order to make an effective choice 
when faced with numerous options (Wickramasinghe et al  2009a    ). Unstructured 
decision making in dynamic and complex environments is challenging and in almost 
every situation the decision maker is undoubtedly faced with information inferior-
ity. The need for germane knowledge, pertinent information and relevant data are 
critical and hence the value of harnessing knowledge and embracing the tools, 
techniques, technologies and tactics of knowledge management are essential to 

    F. H.  Mogihim   •     H.   Zadeh   •     N.   Wickramasinghe (*)  
     School of Business IT and Logistics ,  RMIT University ,   Melbourne ,  VIC ,  Australia    
e-mail:  nilmini.wickramasinghe@rmit.edu.au   

    Chapter 2   
 An Intelligence e-Risk Detection Model 
to Improve Decision Effi ciency in the Context 
of the Orthopaedic Operating Room       

       Fatemeh Hoda   Mogihim   ,    Hossein   Zadeh   , and    Nilmini   Wickramasinghe         



18 F.H. Mogihim et al.

ensuring effi ciency and effi cacy in the decision making process. Recognizing this 
Wickramasinghe and Schaffer (Wickramasinghe et al.  2009a ) developed the 
Intelligent Continuum, a systematic approach that enables the application of knowl-
edge management (KM) principles and tools necessary for improving the decision 
making processes in healthcare and to ensure that the healthcare decision making 
process outcomes are optimized for maximal patient benefi t. The following research-
in-progress attempts to extend this idea, specifi cally focusing on the case of hip and 
knee replacements in orthopaedic operating rooms, an area that is not only of signifi -
cance but also involves multiple risks and critical decision making processes and 
hence an appropriate environment to demonstrate the benefi ts of our approach. This 
work focuses on answering the research question of how to incorporate real time 
intelligent risk detection into healthcare decision support systems.  

    2.2   Background 

 Hip and knee replacements are procedures performed frequently to relieve pain and 
improve function in patients with advanced hip and knee joint destruction (Davidson 
et al.  2008  ) . The Australian Orthopaedic Association National Joint Replacement 
Registry (AOANJRR) (Davidson et al.  2008  )  categorizes hip replacements as either 
primary or revision procedures. Primary hip procedures are further categorized as 
partial or total hip replacements. Partial hips are further sub-categorized depending 
on the type of prostheses used; these are monoblock, unipolar modular and bipolar 
procedures. Similarly, there are a number of different categorizations for knee 
replacement procedures. What is important is that these categorizations are made 
correctly and this requires a correct evaluation and assessment of various multi 
spectral data and information (Wickramasinghe and Schaffer  2006  ) . 

 In general, knee replacement is more common in females (56.0%). There are 
however gender variations depending on the type of procedure. The indication for 
almost all primary knee replacement procedures is osteoarthritis (partial resurfacing 
90%, unispacer 100%, patella/trochlear 98.9%, uni-compartmental 98.8%, bicom-
partmental 100% and primary total 96.8%). The principal cause for revision knee 
replacement is loosening (36.5%) (Davidson et al.  2008  ) . 

 The most common knee procedure is a primary total knee replacement (78.7% of all 
knee procedures recorded by the Registry). The proportion of other knee procedures is 
12.2% for unicompartmental, 0.5% for patella/trochlear and 8.5% for revision proce-
dures. There are a small number of procedures recorded for the other types of primary 
knee replacement, partial resurfacing (90), unispacer (39) and bicompartmental. 

 The mortality associated with hip replacement varies as shown at Table  2.1 , depend-
ing on the category and there has been little change in mortality trends over the 2007. 
As would be anticipated, crude cumulative mortality of primary partial hip replace-
ment is high (45.4%) compared to primary total hip (6.6%) (Davidson et al.  2008  ) .  

 On the other hand, trends previously reported for mortality following knee replace-
ment remain unchanged. The cumulative mortality varies according to the extent of 
the procedure. There were no deaths recorded for unispacer, partial resurfacing and 
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  Fig. 2.1    The proposed IRD model       

bicompartmental replacement. The cumulative mortality for patella/trochlear replace-
ment is 2.3%, unicompartmental is 3.5% and primary total is 5.4% (Davidson et al. 
 2008  ) . Hence, what on the surface seems to be simply a knee replacement is in reality 
much more complex. Table  2.1  summarises their issues. 

 In general total hip and total knee replacement surgeries are successful and very 
frequent procedures in the orthopedic or for people experiencing pain associated 
with degenerative joints. However the other types of partial hip and knee replace-
ments are complex and involve with many different risk factors. 

 Since these risk factors are associated with decrease in quality of life (Dijkman 
et al.  2008  ) , the importance of the decision making processes have increased signifi -
cantly through hip and knee replacement. 

 In addition, Hip and knee implants are undergoing a constant state of innovation 
and improved technology (Wickramasinghe et al.  2009b ). As can be seen, the criti-
cal decisions need to be made by both for orthopaedic surgeons and their patients. 

 Recognizing these risk factors, we have categorized the orthopaedic operating 
room issues, particularly hip and knee replacement, into four key components:

   Physiological issues followed by importance of quality of life.  • 
  Technological issues based on new technologies and their performance.  • 
  Biomechanical issues on conditions of patients’ bones to do the surgery.  • 
  Financial issues regarding the costs of these high-quality technologies and type • 
of surgery.    

 We content therefore, that an Intelligence Risk Detection (IRD) model in support 
of better treatment decision making for this population of patients during and after 
surgery can provide superior healthcare outcomes for the patients and their families. 
In developing such a solution, it is necessary to combine three key areas of knowl-
edge discovery, risk detection with decision support systems (Fig.  2.1 ). This is an 
important contribution to both theory and practice in healthcare.   
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    2.3   Literature Review 

 The following section will outline the major issues pertaining to the key areas of 
decision support systems, risk detection and knowledge discovery and their impor-
tance to the design of our proposed real time intelligence risk detection model to 
improve healthcare decision making processes. 

    2.3.1   Knowledge Discovery in Data Bases (KDD) 

 Knowledge discovery in data bases (KDD) is defi ned as the nontrivial process of 
identifying valid, novel, potentially useful, and ultimately understandable patterns 
in data    (Cios et al.  2007  ) . One of the most relevant applications of KDD for health-
care contexts is the model of the Intelligence Continuum (IC) (Wickramasinghe 
et al.   2006  ) . The IC model includes but is not limited to applying the techniques of 
data mining, business intelligence/business analysis (BI/BA) and knowledge 
 management (KM) to facilitate superior healthcare delivery add here on IC model. 
In order to maximize the value/utility of our IRD model and because the combined 
techniques of DM, BA/BI and KM are essential in the present context, we use the 
IC model as the foundation for our model as shown in Fig.  2.1 .  

    2.3.2   Decision Support Systems (DSS) 

 Even though research in decision support systems in healthcare is relatively estab-
lished, the use of DSSs in medical diagnosis and clinical practice is set to increase 
tenfold within the next decades (Miller  1994  ) . Fundamentally this research covers 
clinical and medical aspects typically focusing on how information technology 
emulates and improves decision-making effectiveness for individual physicians 
(Fieschi et al.  2003  ) . Specifi cally, computer based decision support systems focus 
on any software designed to directly aid in clinical decision making in which char-
acteristics of individual patients are matched to a computerized knowledge base for 
the purpose of generating patient-specifi c assessments or recommendations that are 
then presented to clinicians for consideration (Hunt et al.  1998  ) . In addition, the 
computer-based patient record, the Internet, shared decision-making processes, and 
new regulations also facilitate medical decision support systems (Fieschi et al. 
 2003  ) . Therefore, for the purpose of our research the literature pertaining to Clinical 
Decision Support Systems (CDSS) and Medical Decision Support Systems (MDSS) 
is equally relevant as integral to both is the use of computer systems to promote 
decision support to healthcare professionals. 

 Decision-making regarding surgery for patients who needs hip or knee replace-
ments is especially multi-faceted and complex. Patients may have a variety of symp-
toms, but are often quite functional. It is appealing to lean towards a complete 
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anatomical repair (Reddy et al.  1997  ) . However, if the decision is for late repair, 
risks and benefi ts of surgery must be weighed against potential risks not proceeding 
with the surgery (Stamatis  2010  ) . Moreover, the decision to treat replacement with 
either drugs, or surgery, or a combination of both depends on (Roy and Brunton 
 2008  )  a large number of factors. 

 The decision making process in the context of orthopaedic operating room can 
be divided into three phases (Fig.  2.2 ). In the fi rst phase, or pre-operation phase, 
the surgeon, having received enough information about the patient and his/her 
medical condition, makes a decision relating to whether surgery is the best medical 
option. Once this decision has been made, and before surgery, the patients must 
decide whether to accept or reject the surgeon’s decision in consideration of the 
predicted surgery outcomes. Once patients and surgeons have agreed to proceed, in 
phase 2, ad-hoc decisions pertaining to the unique situations during the surgery 
must be addressed. Finally, in the post operating phase, or phase 3, decision making 
is primarily done at two levels; level a, strategies to ensure a sustained successful 
result for the patient during aftercare and beyond, and level b, lessons to apply for 
future cases.  

 To capture this complexity, we defi ne two steps of decision making in three dif-
ferent and key phases of the decision making process across orthopaedic surgery. 
The fi rst type of decision making is called “surgical decision making” as it is pri-
marily associated with the surgeons and the second type is called “personal decision 
making” as it is primarily associated with the patients because some surgery out-
comes are related to “quality of life” that patients’ decision is critical. Figure  2.2  
shows the decision making framework we have developed based on the key phases 
in the orthopaedic operating room decision making process that it is required for our 
IRD model. 

 Although DSSs in the healthcare area is generally well discussed, unfortunately 
acceptance of such solutions tends to be low because doctors (the primary users) are 
reluctant to use computers (Baldwin  2001  ) . Close consideration must also be paid 
to ensuring the clinical utility of any proposed solution. We contend that by incor-
porating real time risk detection the system is likely to then become more relevant 
and helpful which in turn will enhance its utility and thus adoption.  

Phase2:

Operating

Phase3:
Post- 

Operating   

Phase1:
Pre-

Operating

Surgical
Decision
Making

Personal Patient
Decision
Making

Surgical
Decision
Making

Surgical
Decision
Making

  Fig. 2.2    Decision making 
framework across 
orthopaedic operating room       
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    2.3.3   An Intelligence Risk Detection Framework 
in Healthcare Area 

 Surgical performance is usually indirectly measured by postoperative outcome of 
the initial hospital stay by means of risk-adjusted audits (Lacour-Gayet  2002  ) . 
Although risk adjustment is important to assess performance and compare outcomes 
amongst individuals or institutions (Kang et al.  2004  ) , statistical inferences alone 
cannot be used to determine what is considered acceptable performance (Gayet 
et al.  2005  ) . Today’s available methods look at the “big picture,” from diagnosis to 
surgery and postoperative care  (Larrazabal et al.   2007b  ) . It is somewhat misleading, 
however, to judge an individual surgeon’s performance by using postoperative 
outcome data such as 30-day survival or hospital survival  (Larrazabal et al.   2007b  ) . 
A poor outcome can be the result of a technical error, a nursing mistake, a drug 
error, or substandard intensive care monitoring  (Larrazabal et al.   2007b  ) . 

 Regarding to literature review, we fi nd risk adjusters that meet these criteria have 
been under development since the 1980s and have been implemented by Medicare 
Choice program, numerous states, employer coalitions, and health plans (Keenan 
et al.  2001  ) . Such systems have been based on many factors, including diagnosis, 
prior utilization, demographics, persistent diseases, and self-assessments of health 
and/or functional status. At Table  2.2 , a review of selected risk adjustment systems 
in healthcare area is provided.   

   Table 2.2    A review of selected risk adjustment systems in healthcare area   

 Systems  Descriptions 

 ACG  This system was originally developed as a case-mix adjustment measure for 
ambulatory populations (Weiner et al.  1996 ). Later, it was extended to 
incorporate inpatient diagnoses as well. The system categorizes diagnoses 
based on duration, severity, etiology, diagnostic certainty and the likelihood 
that specialty services will be needed. ICD-9-CM codes are assigned to 32 
ADGs (Adjusted Diagnostic Groups). The ACG system explains about 
40–60% of the variation in concurrent health costs, and less for prospective 
health costs. The ACG system has been implemented by the Minneapolis 
Buyers Health Care Action Group. They reported a relatively smooth 
experience with the ACG system (Dunn  1998 ) 

 DCG  This system was developed as a health adjuster for HMOs that enroll Medicare 
populations (Pope et al.  2000 ; Ash et al.  2000 ). DCGs are clinically oriented 
and resource-based, and use demographic and diagnostic information. 
Initially, the model was calibrated on the Medicare population. It was later 
extended to commercial and Medicaid populations. This model estimates 
benefi ciary health status (expected cost next year) from demographics and 
the worst principal inpatient diagnosis (principal reason for inpatient stay) 
associated with any hospital admission. The Washington State Health Care 
Authority also incorporated a DCG model 

(continued)
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Table 2.2 (continued)

 Systems  Descriptions 

 CMS-HCC  CMS (Centers for Medicare and Medicaid Services) was required by 
Congress’s BIPA (2000) to use ambulatory diagnoses in Medicare risk-
adjustment, to be phased in from 2004 to 2007. To this end, CMS evaluated 
several risk-adjustment models that use both ambulatory and inpatient 
diagnoses, including ACGs (Weiner et al.  1996 ), the chronic disease and 
disability payment system (CDPS) (Kronick et al. 2000), clinical risk groups 
(CRGs) (Hughes et al.  2004 ), the clinically detailed risk information system 
for cost (CD-RISC) (Kapur et al. 2003), and DCG/HCCs (Pope et al. 
 2000 ). CMS chose the DCG/HCC model for Medicare risk adjustment, 
largely on the basis of transparency, ease of modifi cation, and good clinical 
coherence 

 CDPS  The Chronic Illness and Disability Payment System was developed specifi cally 
to compensate more fairly for individuals with disabilities. It is a primarily 
resource-based system that is based on detailed clinical information for the 
disabled. The system has been developed for Medicaid and Medicare 
populations (Kronick et al. 2000, 2004). The system uses demographics and 
diagnostic information, and also used the length of enrollment, dates of 
services, type of provider, procedural information, and category of service. 
The model has over 700 diagnostic groups that are combined into over 50 
diagnostic subcategories. The system predicts between 30% and 50% of the 
variance in a population with disability. However, it is important to note that 
this population is likely to have costs that easier to predict than the general 
population. The CDPS was implemented for the Medicaid population in 
Colorado. Plans did suffer from some selection, and required rates to be 
adjusted over time (Dunn  1998 ) 

 GRAM  The Global Risk Assessment Model is a clinically based, hierarchical model 
of health care use (Hornbrook and Goodman  1996 ). The model was 
developed on 100,000 individuals who were randomly selected from several 
HMOs. The model uses data on demographics, eligibility, diagnoses, and 
costs. The system uses Kaiser Permanente Clinical Behavioral Disease 
Classifi cation System, which groups diseases by their clinical attributes and 
the expected responses to the disease. There are 350 diagnostic categories 
that are further grouped into 19 categories. The model explains 17% of the 
variance, or 70% of the explainable variance in prospective costs. This 
model has not been implemented to date 

 CRG  This system was developed to predict costs for individuals with congenital and 
chronic health conditions (Hughes et al.  2004 ). CRG is a categorical clinical 
system that classifi es individuals into mutually exclusive categories and 
assigns each person to a severity level if he or she has a chronic health 
condition. The system uses demographic, diagnostic, and procedural 
information. The CRG grouper assigns each individual to a hierarchically 
defi ned health status group, and then to a specifi c CRG category and severity 
level if they are chronically ill. There are nine health status groups, and over 
250 CRG categories. Unlike most other risk adjustment systems, the CRG is 
a categorical clinical model and not a regression model. The testing and 
refi nement of CRGs included three large data sets representing different 
populations – Medicare, Medicaid, and an employer based population. 
Prediction performance varied depending on the population tested. For a 
Medicaid population, the CRG yielded a predictive power of 30%. CRG 
was implemented for several pediatric populations in Ohio and Maryland 
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 An analytical review on these systems shows some limitations, most important 
of which are listed below:

   Focus on some risk factors related to cost management and fi nancial issues rather • 
than surgical issues.  
  Applying such risk adjustment frameworks rather than risk detection • 
frameworks.  
  Without any function to apply some new risk factors.  • 
  Having no look at on some procedures to evaluation the system.    • 

 Therefore, regarding these limitation through current systems, with an in depth 
review of risk detection in healthcare area, particularly in orthopaedic operating 
room, we fi nd that applying some IT based techniques such as knowledge discovery 
followed by data mining would increase the performance of current risk adjustment 
methods signifi cantly. 

 In order to fi nd the relationships between the risk factors as well as relationships 
between these factors and surgery results, an intelligent model will be more effective 
and effi ciency. It means, improving performance of surgery by applying the effect 
of the risk factors on surgery results is a signifi cant advantage of an intelligence risk 
detection model. 

 Risk adjustment for hip and knee replacement operations, in itself, is challenging 
due to the great diversity of the patient population in terms of the diagnoses, indica-
tions for operation, the operation performed, the age at which an operation is deemed 
necessary and feasible, and other factors (Kang et al.  2004    ). 

 Regarding this issue, surgery-driven validated risk-adjusted outcome analysis 
can indeed lead to improvements in performance by both individual orthopaedic 
surgeons and orthopaedic surgery centres (Mavroudis and Jacobs  2002 ). 

 Although risk detection is an essential part of healthcare decision making, to the 
best of the authors knowledge there exist very few intelligence systems in health-
care with specifi c real-time risk detection component. 

 Table  2.3  serves to summarise the relevant studies. Given the importance of risk 
detection for the context of hip and knee replacement and the fact that real-time risk 
detection has not been signifi cantly incorporated into healthcare decision support to 
date we believe this is an essential aspect of our proposed model.    

    2.4   Conceptual Model 

 Figure  2.3 , depicts, the fi rst stage in risk assessment. The output of the risk assess-
ment process will help in determining important surgery risk factors and also pre-
dicting anticipated results based on the those risk factors. 

 The anticipated results enable the surgeons making informed decision whether to 
proceed with the surgery. If the decision is indeed to proceed with the surgery, all 
relevant information is passed on to the patients in order to allow them to make the 
fi nal decision regarding the surgery. Any confl ict in decision of the surgeon and that 
of the patients is an indication of high-levels of risk or some negative outcome of 
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  Fig. 2.3    The conceptual model       

   Table 2.3    A list of relevant previous works in using knowledge discovery in healthcare area   

 Title  Technologies  Objectives 

 Analysis of health care 
data using different 
data mining techniques 
(Kumar and Gosain 
 2009  )  

 The potential use of 
classifi cation based 
data mining 
techniques such as 
decision tree and 
association rule to 
massive volume 
of health care data 

 In this study, our objective are to: 
(1) present an evaluation of 
techniques such as decision tree 
and association rules to Predict 
the occurrence of route of 
transmission based on treatment 
history of HIV patients; 
(2) demonstrate that data mining 
method can yield valuable new 
knowledge and pattern related to 
the HIV patient; (3) assesses the 
utilization of healthcare resources 
and demonstrate the socioeco-
nomic, demographic and medical 
histories of patient 

 Intelligent heart disease 
prediction system using 
data mining techniques 
(Palaniappan and 
Awang  2008  )  

 Data mining techniques, 
namely, decision trees, 
naïve bays and 
neural network 

 This research has developed a 
prototype Intelligent Heart 
Disease Prediction System 
(IHDPS) using medical profi le 
such as age, sex, blood pressure 
and blood sugar it can predict the 
likelihood of patients getting a 
heart disease 

 Knowledge discovery 
approaches for 
early detection of 
decomposition 
conditions in heart 
failure patients 
(Candelieri et al.  2009  )  

 Several KD algorithms 
have been applied on 
collected data 

 They propose an innovative 
knowledge based platform 
of services for effective and 
effi cient clinical management 
of heart failure within elderly 
population 
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surgery. Any such confl icts are fed back into the system for future risk assessments 
for the same or other patients. 

 After the surgery, actual outcomes are compared to the anticipated results. This 
comparison is an evaluation procedure for the model to ensure continual improve-
ment of its predicting capabilities. 

    2.4.1   Risk Assessment 

 To assess hip and knee replacement surgery improvement, detecting risk factors is a 
useful method  (Larrazabal et al.   2007a  ) . To detect the risk factors, we will need to 
develop a multidimensional risk model to apply risk assessment. 

 Therefore, to address this issue, across our research, after fi nding some critical risk 
dimensions and factors from the literature, we use two experimental approaches, which 
required different degrees of the orthopaedic specialists’ involvement in risk assessment. 

 In fi rst approach, the orthopaedic specialists in a focus group are presented with 
certain risk factors based on the available literature. Then experts identify some main 
risk dimensions that should be used on the surgical decision making and the levels of 
these risk factors to provide a risk assessment checklist. In the second approach, 
the surgeons are asked to complete this risk assessment checklist to assess the risk 
factors and also defi ne the relationships between these factors or between these 
factors and some actual and anticipated results and risk ranges to defi ne some rele-
vant KPIs (key performance indicators). Moreover, we document the surgeons’ and 
specialists’ recommended additional procedures and ask them to assess the responses 
provided by our subjects. The risk assessment process is shown in Fig.  2.4 .   

    2.4.2   Risk Detection Using Knowledge Discovery 

 To incorporate an intelligent technology into the proposed risk assessment process, 
we suggest a data mining process followed by knowledge discovery. In the research 
case, the data types have a signifi cant impact on the data mining tasks. Hence, after 
fi nishing the data collecting phase, the suitable tasks will extract such as neural 
networks and association rules. To apply the necessary data mining techniques, 
developing and then implementing the model, after the risk assessment process, we 
created a small database that included patients’ data and also some data to show risk 
factors. Then we move through step 1 to step 6 (below). 

Finding Risk Factors

Providing risk checklist

Evaluating risk factors

Defining relevant KPIs

Risk Assessment

  Fig. 2.4    The risk assessment 
process       
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 The steps are:

    Step 1.  Understand business requirements, dataset structure and data mining task 
Knowledge-Rich Data Mining in healthcare Risk Detection. Designing a dimen-
sional data mart will be more effective to apply data mining tasks on this data mart.  

   Step 2.  Prepare target datasets: select and transform relevant features; data cleaning; 
data integration. Communicate any fi ndings during data preparation to domain experts.  

   Step 3.  Train multiple data mining models in randomly sampled partitions using 
Clementine 1  or Rapid miner. 2   

   Step 4.  Evaluate data mining models using a set of performance metrics.  

   Step 5.  Discuss the data mining results with domain experts. Explore potential patterns 
from data mining results. If new risk factors or patterns are identifi ed, communicate 
the fi ndings with decision makers and determine appropriate actions.  

   Step 6.  Go back to Step 1 if new business questions are raised during the process or 
new KPI, rule(s) or risk factor are discovered after comparing the actual and anticipate 
results. Otherwise, fi nish and exit the process.    

 Data from a large hospital in Melbourne, Australia will be used to operate the 
procedure described above. Input to the system will be a dataset of hip and knee 
replacement surgery risk factors, and the outcome will be decision functions results 
of performance metrics; new and revised risk factors. 

    2.4.2.1   On-Line or Realtime Outputs to Create an e-Risk Detection Model 

 The mining process in not time-limited (Ting and Hui-Ju  2009  ) , this risk detection 
 process typically takes hours or days. So, choosing a real time processing technique 
should be a critical step to design a high performance application based on IRD model. 

 Services with more than a critical amount of user access traffi c need to apply highly 
effi cient, real-time processing techniques that are constrained both computationally and 
in term of memory requirements (Ting and Hui-Ju  2009  ) . Web Usage Mining (WUM) 
is a great technique that provides solution to create a real-time intelligent model. 

 As shown in Fig.  2.5 , user interaction with a web server are pre-proceed continu-
ously and fed into online WUM systems that process the data and update the models 
in real-time.  

 Ting and Hui-Ju  2009 , have stated that the out puts of this model are used to sup-
port online decision making as well as detecting some changes. They proposed a 
system to online monitor and improve website connectivity based on the site  topology 
and usage data. 

 So, based on literature review, we fi nd that using WUN technique is the best 
relevant and effective solution to create a realtime or online model to monitor decision 

   1   A commercial software for data mining.  
   2   An open source software for data mining.  
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making results. However, this technique still has some challenges to develop a novel 
web usage mining system.   

    2.4.3   Applying Anticipated and Actual Results 

 The decision making process for patient surgery is presented in Sect.  2.3.2 . Based 
on this framework, two types of decision making, surgical and personal, are defi ned. 
Our model (Fig.  2.3 ) will enable contemporaneous and real time detection of risks 
factors and prediction of surgery results. The results will be a signifi cant importance 
in forming surgical and personal decisions. 

 In the proposed conceptual model, to evaluate a risk detection process, the actual 
results will be compared to the anticipated results. This is because sometimes actual 
results present some new risk factors or new measurement to assess the risk factors. 
The business intelligence reporting tools would be the best solution to create a fi nal 
report to show some important items, and fi nally apply them to the risk assessment 
process, for next iterations of evaluations.   

    2.5   Discussion 

 The above outlines a research in progress that is examining the merits of combining real 
time intelligent risk detection with decision support in a healthcare context. The case of 
orthopaedic operation room was chosen because of the complex nature of the decision 
making in this context as well as the many risks inherent with these decisions. 

 The lack of interaction between healthcare industry practitioners and academic 
researchers makes it hard to discover implant risks, and limits opportunities for the 
application of data mining techniques, and hence weakens the value that knowledge 
discovery and data mining methods may bring to healthcare risk detection. 

 The hip and knee replacement risk detection has many dimensions and perspec-
tives that their main focuses are usually on pathological process, physiological vari-
ables, some general health perceptions, social paradigm and also quality of life 
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  Fig. 2.5    An overview of online WUN (Source: Ting and Hui-Ju  2009  )        
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(   Wilson and Cleary  1995  ) . So, detecting risk factors in all of these dimensions is not 
easy but based on our two approaches to assess the risks, with contribution of some 
orthopaedic specialists, we try to cover some main dimensions. 

 To best of our knowledge, this is the fi rst study that directly examines the benefi ts 
of real time risk detection and outcome prediction in order to augment decision 
making process in healthcare area. 

 Also, using KPIs (key performance indicators) as a set of metrics is a novel idea 
to control the risk factors, fi nding its level and defi ning their relationships together, 
also with the other factors in such healthcare context. Furthers, KPIs will be so 
effective to monitor some key items during surgery for surgeons. It will be one of 
the valuable outcomes through this research that will be effective for orthopaedic 
specialist during all stages of patients’ treatments. 

 Moreover, this research has the potential to contribute to understanding of the 
usefulness of involving orthopaedic specialists in designing an intelligent model 
when they has identifi ed risk factors during the planning stages of the risk assess-
ment and risk detection. 

 Additionally, it should reduce the burden of hip and knee replacement on its 
patients, their family and society is the other strategic benefi ts that will examined. 

 Being continuous is yet another advantage of this model. By comparing anticipant 
results and actual outcomes, risk factors will be amended to improve future predictions. 

 An important feature of our IRD model is the integration of the three IT solutions 
to solve a clinical issue in the defi nition and assessment of “outcomes” in patients, 
combined by some assessment measures. It is noted that the theoretical framework 
developed in this work needs to be tasted in a future research. However, empirical 
testing of the framework is likely to face a number of challenges such as:

    1.    The IRD model developed here will be used to identify common metrics for 
measuring the risk factors.  

    2.    We have found a few instances where hospitals have well developed capabilities 
to develop and implement an intelligent model. However, our fi eld research to 
date has found that the majority of hospitals who have implemented an IT infra-
structure are employing some computerised clinical decision support systems 
(CDSSs) mainly to improve practitioner performance (Garg et al.  2005  ) .     

 The transformation of the healthcare domain to develop capabilities to apply 
intelligence models to detect risks is likely to occur over an extended period of time 
and may be evident only in case studies. The willingness of hospitals to provide the 
required access for conducting such in-depth case studies is another challenge that 
needs to be overcome.  

    2.6   Conclusions 

 In this paper, we propose an intelligence risk detection model using knowledge 
discovery methods. Intelligent risk detection is a particularly challenging area for 
the healthcare industry while relatively common for fraud detection in fi nance, 
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diagnosis in industry, and affect analysis in chemistry. This not only because build-
ing cases of training sets is diffi cult, but also because the cases may have many 
forms, causes, and unknown relations. We propose the application of knowledge 
discovery to high-level surgery risk detection and outcome prediction. The model 
designed is based on two steps of decision making process (surgical and personal) 
and, includes a decision support system which is suitable for high concentration 
prediction. Continual model update inherent in the proposed system results in adap-
tive and more accurate risk detection and outcomes prediction capabilities com-
pared to fi xed model. This study confi rms that the selection of the risk detection, 
prediction by knowledge discovery and then decision making are also very impor-
tant for hip and knee replacement surgical decision making process. The next phases 
for this research are to trial the model in appropriate clinical settings. 

 In closing, we contend that real time intelligent risk detection appears to be criti-
cal for many areas in healthcare where complex, high risk decision must be made 
and thus call for more research in this area.     
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