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Abstract 

The Clinical Data Warehouse is a result of utilizing data warehouse technology in 

medical field. The clinical data usually collect from various sources (Clinical information 

system, and Patient data management system), and stored into data warehouse to be 

analyzed to make better use of their clinical data in order to Support decision making.  

The diversity of the nature of clinical data from other business data produces several 

challenges. These challenges include the clinical data format, business analysis, data 

integration, data quality, and ETL process. The paper is discussing the issues and 

challenges to address developing of a successful Data Ware Housing for medical 

organization, which provide a rich knowledge environment to support effective decision 

making and support research work. The paper concluded significant handling of these 

issues which affect the development phase of the Clinical Data Warehouse systems. 

 

Keyword: Data Warehouse (DWH), Clinical Data warehousing (CDWH), Data 

quality, ETL process 
 

1. Introduction 

The first Data Warehouses (DWH) technology developed in the 1980s as a response to 

the lack of information provided by several online application systems that were being 

built, and they were rarely integrated with each other [1]. The DWH terminology as 

defined in [2] is  "a copy of transaction data specifically structured for query and 

analysis". While W.H. Inman in [3] defined a DWH as "a subject-oriented, integrated, 

nonvolatile, time-variant collection of data in support of management's decisions". The 

DWH technology continued providing function and speed for decision making and 

researches. 

The DWH integrate data from two or more operational system, which exist on one or 

several organizations. The integration process includes three steps [4]: 1) developing a 

unified model that can accommodate all information from single databases, 2) transferring 

the data into developed model before loading them into the data warehouse, and 3) extract   

the  data from the source databases and integrate it in one environment and provide access 

to obtain  the required knowledge which  the individual sources cannot provide it. 

However, the integration steps require a set of hardware and software components that 

can be used to get better analysis of massive data as well as making better decisions 

making and research. Furthermore, the integration process requires  architecture and tools 

to collect, analyze, clean and present information[5]. The DWHs technology provides 

many benefits that include; enhancing the business intelligence and query performance,
 

improving data quantity and quality, time-saving for users, and support the decision-

making[6]. On the other hand, clinical fields are indeed becoming a very attractive 

research domain for Computer Science in general and DWH in particular. The CDWH 

(CDWH) is integrating medical data from various operational medical and administrative 

systems.  The CDWH supports research, reporting, and study planning, and improves the 
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value of decision making and timely process intervention [7-9]. Furthermore the CDWH 

facilitates efficient storage, enhances timely analysis and increases the quality of real time 

decision making processes[10]. 

The presentation of the study is organized as follows. Section 2 review related work in 

clinical data warehouse. Then, Section 3 is discussing clinical data warehouse issues and 

challenges. Section 4 the discussion. Finally Section 5 concludes the study. 
 
2. Related work: 

This section provides brief overview of previous work efforts on the CDWH that are 

relevant to the work in this study. A CDWH platform with OnLine Analysis Processing 

(OLAP) developed by Boon Keong Seah [11]. The study proposed cleansing 

methodology to meet CDWH needs. The developed CDWH based on the following steps: 

analyze the business requirement, developing of DWH modeling, developing of ETL 

process, indexing data model, encrypting the dimensions, and developing of OLAP 

analysis. Erhard Rahm, et al [12] presented a CDWH platform for the integrated analysis 

of clinical information, microarray data and annotations. The proposed approach studies 

requirements, present CDWH architecture, develop model to integrate clinical data, 

develop ETL process, and performs reporting and statistical analysis. Denise C. 

Ramick[13], presents the techniques of CDWH, and discuss critical issues relating to the 

preparation, design, and implementation of a successful CDWH. Furthermore, the study 

proposed the CDWH development six stages that include: (1) Planning process, (2) 

CDWH design, (3) CDWH Implementation, (4) CDWH Maintenance (5) Data Analysis, 

and finally (6) Program Enrollment. Furthermore, the study expand the planning process 

stage to involve consideration of data sources, data cleansing, warehouse growth rates, 

future expansion, data inconsistencies, data semantics, storage management, and external 

data sources, 

These proposed Clinical data ware technology aims to treat integration issues, by 

describing a common set of task for Data warehousing methodologies that include 

business requirements analysis, data design, architectural design, implementation and 

deployment. These approaches offer dealing with amount of data, security, and minimized 

data duplications. But they do not describe how to efficiently dealing with data integration 

issues (such data extraction, data cleaning, and data transformations, data loading issues). 

Furthermore these proposed structures do not discuss how to efficiently dealing with data 

quality issues. 

 

3. Clinical data warehouse (CDWH) issues and challenges: 
A CDWH is a DWH tailored for the needs of users in a clinical environment, combing 

data from various medical database and cleanse medical data to form a centralized data 

repository to answer the informational needs of all clinical users and support medical 

decision making[14].The medical data gathered in the healthcare process, this data 

contain the data related to patient care including specific demographics, input and output 

data recorded for the patient, diagnosis data, treatments and procedures performed, and 

costs associated with the patient’s care[14]. Using CDWH technologies produced new 

issues and challenges.  However, the  medical information systems is rich with data, but it 

also exposed to a lot of quality problems [15] and poor in information [16]. Therefore, 

several challenges and requirements associated with utilizing of DWH technique in 

medical domain are produced. The challenges include:  the clinical data format, business 

analysis, data integration, data quality and ETL process technique. 
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3.1. The Clinical Data Format: 

The usage of CDWH technology aims to determining the relationships in clinical data, 

discovering disease trends, evaluate the performance of different treatments protocols 

used, support measuring and improving patient outcomes, and provide information to 

users in areas ranging from research to management. The medical data collect during the 

regular day-to-day events and store in various systems that include, statistical information 

system, medical information system, and Laboratory information system and so on[17] , 

the most important component of medical illustrated in figure (1).  However, the clinical 

data store in various medical systems during the patient visiting times. These types of data 

include[18]: 

 Demographic Information: Information collects once to provide rich data 

analysis environment. 

 Clinical Information:  Information about patient's life habits, which use to 

enhance the data analysis Capabilities. 

 Diagnosis information: Describing the diagnosis process. 

 Treatments Information: Information about treatment process that involves 

treatment type, treatment procedure, and treatment risk information. 

 Laboratory information: is a laboratory test results. 

 

Figure 1. The Most Important Components of Medical Processes 

The nature of medical data produces new issues and challenges to DWH technologies. 

Handling the issues and challenges need to provide the following requirements: 

1. The medical data contain personal information that require ethical and legal 

constrains as explained in[19].  

2. Medical information systems are of sensitive nature, diverse storage formats, 

and inherent privacy issues as reported by berndt in [20].  

3. Clinical systems contain accumulate substantial amounts of data about patients 

with the associated clinical conditions and treatment details as discussed in [10]. 

The hidden relationships and patterns within medical information are used to 

monitor the impact of specific disease, effect of medical processes and their 

efficiencies and deficiencies.  

4. The clinical data contain various types of data such as: text and qualitative 

format, numeric and quantitative format, Image (such as MRI and Radiology), 

Ultrasound (such as Echo), Sequential or time series data, Signal data (such as EEG 
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and ECG), and Genetic, microarray and protein data as reported in[21]. 

Consequently, mining these types of data require transformation mechanism that 

develops specifically to deal with particular characteristics of medical data. 

5. The clinical data require specific mechanism to aggregate data, where the nature 

of clinical data are complex and poorly characterized mathematically as explained 

in [10]. 

 

3.2. Business Analysis: 

Business analysis is identifying business purpose and determining solutions to business 

problems[22]. One of the most important aspects of developing a CDWH is to define 

business purpose. However, the CDWH does not achieve its objectives without clearly 

defining the business purpose[23]. Furthermore, the discussion of the business analysis 

phases are significant to study and analyze the existing process from medical perspective 

as well as to determine project objectives, requirements, constrains and acceptance 

criteria. The phases are composed of four phases as illustrated in the followings: 

 The requirements are gathered in order to understand the purpose of the CDWH, 

problems domain and to identify the suitable data model that will be used. 

Determining and gathering the requirements must be done in proper ways, which 

state the CDWH value and derive the architecture of the CDWH.  

 The requirements are further analysis and investigate to determine the data 

integration problems. This followed by producing an initial dimensional model that 

showing facts, measures, dimension keys, and dimension hierarchies. Dimension 

hierarchies can include parallel hierarchical paths.  

 Validity of the model is assessed to realize medical objectives and to ensure 

medical goals and needs which are clearly understood, and the CDWH architecture 

is designed as per the business requirements.  

 Database is planned to be stored on a multidimensional database, showing all 

elements of the model and their properties. Detailed dimensional models can 

further be extended and optimized.  

The CDWH development must meet some functional requirements in order to maintain 

data integration in CDWH. These requirements include: 

1. Understanding the business purpose, requirements and constraints. 

2. Determining medical objectives and needs. 

3. Determining the business rules. 

4. Determining the suitable model that supports data analysis.  

5. Identifying the Data sources of the required data, and performing the sizing of 

the model. 

6. Proving a mechanism that response the queries related to healthcare. 

 

3.3. Data Integration: 

Data Integration is a process of combining data from more than one disparate data 

sources within one or several institutions into a single physical repository[24]. This large 

volume of data is integrated, rearranged and consolidated to provide a unified view to 

analyze the data [25]. These integrated data are not yet turned into useful knowledge due 

to the lack of efficient analysis tools [26], also the lack of standardization between 

institutions which makes gathering data difficult[27]. Therefore, the data integration is an 

important issue in developing CDWH [25]. However, the integration process is time 

consuming and laborious tasks to separately access and integrates reliably. On other hand 

the data integration becomes significant issues in situations of developing a CDWH due 

to the complexity of the hospital environment such as various care practices, and data 

types and definitions. Additionally, the clinical data integrate from various medical 
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information systems. These medical systems are different clinical routines, incompatible 

structures, and incompleteness of clinical information systems. Handling medical data 

integration issues and challenges need to provide the following requirements: 

1. Developing enhanced integration framework to combine heterogeneous medical 

data sources to CDWH. 

2. Providing a mechanism to integrate medical data from various clinical 

information systems and hence needs to be integrated for consistency and analysis. 

3. Reducing the dimensions of medical facts describing a current situation of a 

patient. 

4. Minimizing the time requires for extracting, transforming and storing the data in 

the CDWH.  

 

3.4. Data Quality:  

Data quality is an essential characteristic that determines the reliability of data for 

analysis, making decisions and planning[28]. The acceptable data quality in the medical 

field is critical issue to the reliability of medical decision making and research 

environment.  

Quality of data is achieved we when require (useful) data that exactly meet the specific 

needs stored in common format required by CDWH without data quality problems. 

However, poor data quality can occur along several dimensions[29]. These dimensions of 

data quality attribute as shown in figure (2) include; intrinsic (accuracy, consistency, 

reliability, integrity, and redundancy dimension), accessibility (availability dimension), 

contextual (relevancy, freshness, validity, completeness, and Scalability dimension), and 

representational (business purpose understandability and data sources understandability 

dimension) [28, 30, 31]. Furthermore, data quality problems produce at various stages of 

CDWH development; data integration & data profiling, Data staging and ETL, and DWH 

modeling & schema design[29, 30]. Additionally, these data quality problems must be 

determined and solved to enhance the quality of data. Handling medical data quality 

issues and challenges need to provide the following requirements: 

1. Needs to lay down a strong mechanism to manage medical data quality. 

2. Defining levels of data quality that are appropriate to the organization. 

3. Understanding the data quality problems from medical perspective, there are a 

wide variety of dimensions on which data quality can be affected. 

4. Understanding the format of data stored by each source, there are wide varieties 

of structured and unstructured types of data. 
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Figure 2. Dimensions of Information Data Quality 

3.5. ETL Process:  

ETL plays a vital role in DWH solutions [32-34], which shown in Figure (3) and 

responsible for the extract data from heterogeneous data sources, converting extracted 

data into a common format suitable for analyzing and mining, identifying and data quality 

problems, cleansed data to eliminate undesired data, and finally loading these data into 

the DWH (Extract-Transform -Cleanse -Load) [35]. In medical field ETL process 

activities are highly sensitive to quality of data and data integration, poor quality of data 

will affect the revenue of an organization and causes low quality decision making [28]. 

Due to the complication of medical data structure and clinical operations in real-world 

clinical environment, it is important to develop a powerful ETL tool to integrate, 

transform, and clean medical data before loading this data into CDWH. Furthermore, the 

ETL process is quite complex in medical field which requires extract data from several 

sources, cleaning and transformation activities, and loading facilities. Additionally, each 

phase in the ETL process has its issues and challenges:  
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3.5.1. Extraction Process: Extraction process is responsible for extracting data from 

various heterogeneous data sources. The ETL process requires connecting to the source 

systems, and selecting the relevant data needed for analytical processing and research 

within the CDWH[36]. The data extract from numerous disparate source systems and 

each of these data sources has its distinct set of characteristics that need to be managed in 

order to effectively extract data for the ETL process as explained in [36]. Furthermore the 

complexity of the extraction process depends on the data characteristics and attributes, 

amount of source data and processing time as discussed in [34]. Therefore, the ETL 

process needs to effectively integrate technology to extract these data.  

Handling extraction process issues and challenges need to provide the following 

requirements to ensure subject-oriented of the CDWH: 

1. Analyzing data sources in order to comprehend their structure and contents to 

understand the data that exist in the sources database to identify the relevant data at 

the sources that needed depending on the purpose of CDWH as discussed in [10, 

34, 37], the selection of these data requires: 

a. Identifying source systems that contain the required data and identifying the 

quality and scope of each data source. 

b. Understanding the format of data stored by each source to determine whether 

all the data available to fulfill the requirements or not, and the required data 

fields populate properly and consistently. 

c. Identifying the attributes contain in each data source. 

2. Determining the options of extracting the data from the source systems that include 

update notification, incremental extracts, and full extracts to capture only changes 

in source files. 

3. Determining the protocols for data transferring. 

4. Determining encryption standards need to be set with each of the source systems. 

5. Monitoring data transfer failures and errors and making notifications through 

different methods such as control files, metadata files, email notifications, system 

log writing and file system log writing.  

 

3.5.2. Transformation Process: Transformation process is to transform the extracted 

data into a common format by applying a set of conditions ,rules or functions [34]. The 

transformation phase tends to make multiple data manipulations on the incoming data 

according to business needs[38], to ensure that the data load into CDWH is integrated and 

accurate. The transformation process requires joining the data from several sources, 

generating aggregates, generating surrogate keys, sorting, deriving new calculated values, 

and applying advanced validation rules by defining  the granularity of fact tables, the 

dimension tables, DW schema (star or snowflake), derived facts, slowly changing fact 

tables and dimension tables as explained in [34]. In medical field very complex 

transformations provide the following requirements to meet the medical needs of the 

targeted system: 

a. Understanding the format of data stored by each source to determine whether 

all the data fulfill the requirements or not as reported in [10, 34, 37]. 

b. Figure out a way of mapping the external data sources and internal data 

sources fields to the CDWH fields. 

c. Transforming and coding the medical data into the required content format 

for CDWH storage.  

d. Providing amount of manipulation needed for transformation process 

according to the objective of the CDWH such as summarization, integration, 

and aggregation  using different techniques according to requirement 

specifications as discussed in [10, 34, 39], 

e. Providing suitable data model to allow querying by multiple dimension 
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3.5.3. Cleansing Process: Data cleansing is one of the most important issues in ETL 

process as it ensures the quality of the data in the DWH[30]. The data cleansing deals 

with detecting and removing errors and inconsistencies from data in order to improve the 

quality of data [40, 41]. The data cleansing phase involves three steps include: data 

analysis, data refinement and data verification [38]. The objective of data analysis is to 

identify problems area and detects the data problem. Data problems include completeness 

problems, validity problems, accuracy problems, consistency problems, conformity 

problems and Integrity problem. For each problem area, the data quality issues and 

acceptance criteria are identified, then, for each data quality issues, the solutions are 

developed. Furthermore, the data with quality issues will be refined using some of the 

data cleansing methods to realize their full benefits. Additionally, the cleaned data then 

will be assessed against the acceptance criteria again to ensure that the data issues have 

been resolved after the data cleansing process. Finally, after verification, the data will be 

moved from staging area to CDWH. Therefore, the tends of data cleansing process is to 

make cleaning and conforming on the extracted data to gain accurate data of high quality. 

Handling cleansing process issues and challenges in CDWH need to provide the 

following requirements: 

1. Understanding the data quality problems from medical perspective. 

2. cleaning of the extracted data set, according to the required medical rules as 

reported in [10, 34], 

3. All the requisite information is available, free from errors, in a usable state. 

4. The data collected is relevant to the business purpose. 

5. The ability to link relative records together to ensure the data consistency in 

format. 

6. The data satisfies a set of constrains, and maintains in a consistent fashion to 

ensure the data values consistent across data sets. 

7. All patient basic information records must contain a unique patient 

identification number for each patient.  

8. Auto generated primary keys and cross reference tables.  

 
3.5.4. Loading Process: Loading process is the process of loading data from staging area 

to the CDWH. The extracted and transformed data is written into the dimensional 

structures actually accessed by the end users and applications[41]. A major data loading 

problem is the ability of ETL process to discriminate between new and the existing data at 

loading time; the new rows that need to be appended and rows that already exist need to 

be updated as discussed in [37] [42]. Handling loading process issues and challenges need 

to provide the following requirements to ensure that loading process should perform 

correctly and with as little resources as possible: 

a. The ability of ETL process to provide the desired latency in updating the 

dataset. 

b. The ability of ETL process to discriminate between new and the existing data at 

loading time; the new rows that need to be appended and rows that already 

exist need to be updated. 

c. Data is up to date or is provided at the time specified (data tagged with a time). 

 
4. Discussions 

CDWH is more complicated than the DWH and produce a set of issues and challenges. 

The paper discussed the CDWH development issues and challenges such as clinical data 

format, business purpose, data integration, data quality, and ETL process issues. 

The clinical data is different from business data where the clinical data produce new 

issues and requirements if not considered, which affect the quality of data. Furthermore, 
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the complexity of  clinical data rise several issues for instance;   poorly characterized  

mathematically, difficult data type for mining, difficult to determine hidden relationships, 

and require to be (secured and private). In addition, the security and privacy are critical 

issues in medical institutions; the clinical data contain confidential information, only 

authorized users logging onto the CDWH. 

A clear understanding of the business purpose represents an important stage in the 

process of developing CDWH. Moreover, the medical data requirements are collected to 

understand the problems domain in addition to determine the suitable data model that will 

be used and derive the architecture of the CDWH. Additionally, constrains and 

acceptance criteria determine to evaluate the CDWH in order to ensure medical objectives 

is achieve. 

CDWH aims to integrate large volumes of data collected from several clinical 

information systems. The complexity of the hospital environment evolve the diagnosis 

and treatment procedures and their relation with other information such as patient 

symptoms, disease stage, risk factors, and treatment risks. Moreover, the data collected 

from different hospitals which use and diverse data format and DBMS.   Consequently, 

the data integration affects with these factors which consider as time consuming and 

laborious tasks. Therefore, development of effectively integrated systems that have 

different platforms is requires.  

Data Quality is one of important issues in CDWH because medical decisions making 

made based on data stored in CDWH. The quality of the information depends on three 

things: the quality of the data itself, the data quality problems, and the quality of the 

database schema.  Additionally, the analysts must be able to identify relationships among 

various systems and understand the format of data stored in each source, because diversity 

of structured and unstructured types of data. Furthermore, the understanding of data 

quality problems from medical perspective is an important issue to build a robust 

technique that solves the data quality problems. Moreover, the achievement of good 

CDWH performance and deliver quality information are mainly depends on implement 

quality database schema. Therefore, implementing of effective data quality technologies 

provide high-quality data, reduce time and cost, and support clinical decision making.  

Appropriate design of the ETL process is considered as the core component of a 

successful CDWH development. The medical data consolidated from several source 

systems and each of these data sources has its distinct set of characteristics. Therefore, the 

complexity of the medical institution environment issues should be considered during the 

process of developing of ETL process. These issues involve clear identification of 

extracting, cleansing, transformation and loading requirements as well as developing and 

evaluating an ETL mechanism. Additionally, the data in CDWH must be corrected, 

completed, consistent, and integrated to provide a suitable medical decision making.  

 
5. Conclusion 

This paper discussed the CDWH issues and challenges to develop successful CDWH. 

The usage of DWH technologies in medical field produces new issues and challenges to 

DWH technologies. Handling these issues and challenges requires determining the 

clinical data format requirements, business purpose requirements, data integration 

requirements, data quality requirements, and ETL process requirements. Format of 

clinical data is differed from business data they are of a complex nature and difficult data 

type, which require complex transformation methodology. On the other hand, this data 

require a clear definition of clinical purpose to determine requirements. Whereas, the data 

integration are important issues that performed the intergradations of large volumes of 

data from several sources, and build a robust technique to solve all data quality problems 

at each phase of the ETL process. Furthermore, ETL process must meet special 

requirements to ensure the quality of the data in the CDWH.  
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