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Abstract: The paper describes several increasingly 

important aspects of information systems integration, of 

which data integration is given most attention. The common 

techniques of data integration, such as data consolidation, 

data federation and data propagation are discussed. 

Avoiding information inconsistency in the process of data 

integration can improve data quality. Among the important 

features of an integrated information system special 

attention is devoted to the close-loop between the 

operational and analytical part that can be achieved with an 
active data warehouse.  

I. INTRODUCTION 

An enterprise’s information system plays an important 
role in achieving enterprise integration. In an information 
system integration can be accomplished at various levels: 
data, business process, application, or user interaction 
[15]. Data integration provides a unified view of the 
business data of an enterprise, business process and 
application integration provides a unified view of 
enterprise’s business processes and applications, and user 
interaction provides a single personalized and secure 
interface to data, processes and applications.  

The purpose of the paper is to discuss some aspects of 
information systems integration. Section II defines  the 
information system, its purpose and components. Section 
III describes the main, though not all, aspects of data 
integration. General aspects of the whole information 
system integration are described in Section IV. Section V 
describes how the information system’s close-loop may 
provide operational intelligence. 

II. INFORMATION SYSTEM 

An information system is a subsystem of the 
organizational system whose task is to link processes on 
the operational, management and decision-making level. 
Its goal is improving performance efficiency, supporting 
good quality management and increasing decision-
making reliability [2]. It is a complex system that has to 
fulfil all informational tasks related to the operational, 
management and decision-making activities of the 
enterprise. Effective integration of operational and 
analytical (sub)systems of an enterprise’s information 
system [14] can be crucial for the success of the 
enterprise’s business. 

The operational (transactional) subsystem is 
responsible for the executing of transactions of the 
enterprise’s business processes. Transactions insert, 
update, or in any other way process data in an operational 
database.  

The analytical (decision support, business intelligence) 
system is responsible for the decision making support 
functions, usually known as business intelligence (BI). It 

is executed on the data in a data warehouse. Decision 
making is an essential managerial tool.  

Decisions are usually classified as programmed and 
non-programmed.  The programmed decisions are used 
for solving routine problems in repetitive situations, in 
which the decision-making procedure is known. 
Programmed decisions may be implemented in an 
operational system, such as granting simple loans 
according to the credit seeker’s data. Non-programmed 
decisions are used for solving non-routine problems in 
unrepeatable situations in which the decision-making 
procedure or the decision-making model are unknown. 
Decision makers take full responsibility for their 
decisions, but the decision support system may provide 
relevant data and support the analysis of this data. The 
decision support system has to be easy to use and flexible 
enough to function in varied decision conditions. Data 
warehousing systems fulfil these tasks by storing its 
multidimensional data in the data warehouse and by 
facilitating various kinds of analytical processing. 

Decisions are ranked as operational, tactical and 
strategic according to their importance. They differ by the 
character of data usage - from simple usage, such as 
reading the data, to complex ones, e.g. conducting 
complex predictive analysis. Table 1 shows types of data 
usage employed in decision making (type of decisions) in 
specific circumstances (tasks and examples).  

Table 1 Data usage and tasks 

Data usage Type of decisions  Tasks and examples 

Reporting & 
Monitoring 
(static 
reporting) 

Operational 
decisions (based 
on rules):  
Decisions that 
involve routine 
tasks, such as 
planning, 
execution and 
controlling of 
business processes.  

Looking at a pre-defined report for 
specific information pertaining to 
the subject; monitoring 
information at a specific period of 
time. 
Example: (a) The user reads 
inventory report through products 
looking for quantity on hand. 
(b) The user opens daily business 
reports to understand how the 
business is progressing.  

Elementary 
analysis 
(dynamic 
reporting) 

Tactical decisions 
(based on skills):  
Tactical analysis of 
business processes, 
diagnosing 
business problems.  
 

Delivering more complex 
information, most often in an 
iterative manner. 
Example: Product sales analysis 
aimed at finding reasons of a drop 
in sales. The user analyses trends - 
new information is seen in the 
context of historical data in order 
to understand the change in time. 

Complex 
analysis 
(knowledge 
discovery 
from data) 

Strategic decisions 
(based on 
knowledge): 
Strategic analysis 
with insight into 
the nature of 
business 
phenomena. 

Analysing data combined with 
problem modelling to understand 
data and uncover hidden insights 
into data. 
Example: Basket analysis to 
understand customer behaviour. 



 

Operational decisions usually involve routine tasks, i.e. 
well structured problems that can be solved by accepted 
procedures. Routine tasks occur frequently and at 
predictive intervals. There are many examples: granting 
discounts based on loyalty scheme, accepting/rejecting 
request for a loan based on customer data, withdrawing a 
product based on sales result, etc. Reporting and 
monitoring are examples of data usage based on rules. 
Predefined reports (static reporting) based on 
transactional data may be implemented in the operational 
system. The quality of the reporting subsystem depends 
on the degree of data integration across enterprise’s 
functional areas. Decision-makers are nowadays provided 
with predefined standardized and parameterized reports 
or they have to make ad-hoc queries via the reporting tool 
to make necessary reports. If a particular option involves 
predefined reports with no access to deeper information, 
the situation is described as “data rich but information 
poor”. 

Tactical decisions usually involve semi-routine tasks 
that require a non-routine solution. Analytic solutions are 
examples of data usage based on skills. They are different 
from reporting solutions as they are intended to facilitate 
the analysis of information by way of inspection, 
exploration etc., in order to assimilate and understand 
information. Menu items of analysis tools facilitate 
information exploration, information patterns, historical 
content analysis etc., and use advanced data visualization 
to help users to evaluate the relevance of the information. 
The analytic system must help the decision-maker to 
understand the information and to gain the information 
insight. It must enable the user to understand why and 
how something happens on the basis of information given 
in an analysis report. An example of this kind of analysis 
is “The sales are lower than before, why? Is it because of 
a specific product, a specific market, a specific customer 
or a combination of all of them?” Dimensional analysis of 
data, such as On-line Analytical Processing (OLAP) in 
data warehouses, is a good example of analytics. The 
multidimensional data structure in data warehouses is 
generally more visual than the table structure used in the 
operational data base. Namely, the dimensional structure 
can reveal interesting interrelationships between 
dimensional attributes. These interrelationships may 
uncover hidden business information and result in 
valuable insights. 

Strategic decisions usually involve non-routine tasks 
that do not have generally accepted decision criteria. 
Strategic decisions are usually made by upper 
management within the organization. They occur less 
frequently than tactical decisions and can impact many 
departments and functional areas within the business. 
Strong data analysis is recommended for strategic 
decision-making. The analysis often leads to additional 
questions and additional requests for data. The examples 
of strategic decisions are: “What distribution channel is 
suitable for the global market?” and “Is it the appropriate 
time to launch a new product on the market?” The best 
example of data usage based on knowledge is data 
mining. Data mining [4] is an analytic process designed 
to explore usually large amounts of business data in 
search of consistent patterns and/or systematic 

relationships between variables, i.e. this is an information 
extraction activity whose goal is to discover the hidden 
facts contained in data. The goal of data mining is 
prediction so predictive data mining is the most common 
type of data mining. It has the most direct business 
applications. Typical applications include market 
segmentation, customer profiling, fraud detection, 
evaluation of retail promotions, and credit risk analysis. 

III. DATA INTEGRATION  

In many enterprises different parts of the organization 
use different systems to produce, store, and search their 
critical data. Only by combining the information from 
these various systems can the enterprise realize the full 
value of the data they contain. Although the data 
integration problem has been theoretically extensively 
studied both in business and science, many problems still 
need to be solved in practice. Nonetheless, we may 
recognize a few basic models of data integration 
approach: data consolidation, data federation, and data 
propagation [15]. 

A. Data consolidation 

Data consolidation, shown in Fig. 1, captures data 
from multiple data sources A and B and integrates it into 
a single persistent data store C. This store may be used as 
an operational data store in the operational subsystem, or 
used for analysis as a data warehouse in the analytical 
subsystem. This model, also known as the data 
warehouse model, is frequently and successfully used in 
many commercial systems oriented on data analysis and 
decision support. After extracting data from sources, data 
may be transformed according to business needs, loaded 
into target integrated data source (ETL process), and 
queried with a single schema, which is ideal for querying 
purposes. Enterprise content management (ECM) is a 
similar consolidation technique used in the integration of 
unstructured data. This technique focuses on the 
consolidation of unstructured or semi structured 
documents.  

Data 
Consolidation

(ETL, ECM)

Nonintegrated 
Data 

Sources
Integrated 

Data 
Target 

C

A

B

Fig. 1 Data consolidation 

Data consolidation process may produce a delay, or 
latency, between the time of data update in source system 
and the time of data update in target system. What is 
defined as acceptable latency depends on business needs; 
it can vary from several seconds to hours, or even days. 
The hardly achievable zero latency data results in real-
time data. Low and acceptable latency data is known as 
near real-time data. Batch data consolidation pushes data 

http://www.statsoft.com/textbook/stdatmin.html#pdm#pdm


 

from the source system to the target system at scheduled 
intervals. 

The main advantage of data consolidation is that data 
can be transformed in order to restructure, reconcile, 
clean, aggregate, raise the quality, or for any other reason 
change the data flowing from data source to data target. 

As business becomes more real-time, the system that 
supports it needs to be more real-time. Here are some 
techniques for making data target, such as a data 
warehouse, more or less real-time [7]: 

 “Near real-time” ETL – The easiest way is to execute 
the ETL process again. For some applications, 
increasing the frequency of the existing data load 
may be sufficient. 

 Direct trickle feed – This is a true real-time data 
warehouse where the data warehouse is continuously 
fed with new data from data sources. This is done 
either by directly inserting or updating fact tables in 
the data warehouse, or by inserting data into separate 
fact tables in a real-time partition. 

 Trickle and feed – The data is continuously fed into 
staging tables and not directly into the actual data 
warehouse tables. Staging tables are in the same 
format as the data warehouse actual tables. They 
contain either a copy of all the data or a copy of the 
data of current period of time, such as a day. At a 
given period the staging table is swapped with the 
actual table so the data warehouse instantly becomes 
up-to-date. This may be done by changing the view 
definition where the updated table is used instead the 
old one. 

 External real-time cache – this is a variant of trickle 
and feed where the real-time data are stored outside 
the data warehouse in an external real-time cache, 
avoiding potential performance problems and leaving 
the data warehouse largely intact. 

B. Data federation 

Data federation, shown in Fig. 2, loosens the coupling 
between various data sources and thus avoids the problem 
of replicated data and delayed update in the data 
consolidation model. This approach uses a virtual 
database (virtual view) with a mediated schema and 
wrapper, i.e. adapter, which translates incoming queries 
and outgoing answers. Wrapper wraps [13] information 
source and models the source using a source schema. The 
situation emerges when two independent data sources 
have to be merged or combined into one source, such as 
integration of two similar databases when two 
organizations merge or integration of two document bases 
with similar structure content. 
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Fig. 2 Data federation 

The users of the integrated system, i.e. integrated data 
C, are separated from the details of the data sources A 
and B at the schema level, by specifying a mediated or 
global schema. The mediated schema is a reconciled view 
of data in sources A and B, so the user needs to 
understand the structure and semantics of the mediated 
schema in order to make a meaningful query [8]. The task 
of the data integration system is to isolate the user from 
the knowledge of where data are, how they are structured 
at the sources, and how they are reconciled into the 
mediated schema. 

The source databases are approachable through a 
wrapper code which transforms the original query into a 
specialized query over the original databases A or B. This 
is a view based query because each of the data sources A 
or B can be considered to be a view over the virtual 
database C. The first step in the approach involves setting 
up the mediated schema either manually or automatically 
[10]. The next step involves specifying its relationships to 
the local schemas in either Global As View (GAV) or 
Local As View (LAV) fashion. 

In the GAV or global-centric approach the mediated or 
global schema is expressed in terms of the data sources, 
i.e. to each data element of the mediated schema, a view 
over the data sources must be associated. In the GAV 
approach, mediator processes queries into steps executed 
at sources. Changes in data sources require revising of the 
global schema and mapping between the global schema 
and source schemas.  

In the LAV or source-centric approach the mediated or 
global schema is specified independently from the 
sources but the sources are defined as views over the 
mediated schema. LAV is better at scalability because the 
changes in data sources require that only the description 
of the source view be adjusted. Nevertheless, query 
processing in LAV is more difficult. Some approaches try 
to combine the best of GAV and LAV approach [3, 16]. 

The query language approach propagates extending 
query languages with powerful constructs to facilitate 
integration without the creation of the mediated or global 
schema. SchemaSQL [6] and UDM [8] are examples of 
this approach. They serve as the uniform query interface 
(UQI) which allows users to write queries with only 
partial knowledge of the “implied” global schema. 

The main advantage of data federation is that it 
provides access to data that need not be consolidated 
from data source into another data store. Nevertheless, 

http://en.wikipedia.org/wiki/View_(database)


 

this approach is not appropriate for maintaining large sets 
of data. Data federation may be the only choice when 
security or any other reasons prevent data source being 
copied. 

C. Data propagation 

Data consolidation and data federation approaches may 
not be enough as some situations call for the data 
propagation technique which copies data from one 
location to another. Updates of a source system can be 
propagated synchronously or asynchronously to the target 
system. The technique can be used for the real-time or 
near real-time synchronization of target and source 
system. 

In real situations it is common to use a hybrid approach 
which involves a combination of data integration 
techniques mentioned above. 

D. Push or pull mode of data integration 

No matter which data integration method is used, what 
triggers synchronization of data sources and data target?  

In push mode, shown in Fig. 3, some event triggers the 
operation of synchronization, i.e. push mode is always 
event-driven. Push mode is used in low-latency data 
consolidation systems where data target is updated online 
by data integration application that continuously capture 
data changes and push them to the target system. This 
approach requires the technique of identifying data 
changes to be captured for data consolidation. 

Data 
Integration 
Application

Data 
Sources

Data 
Target

push 
event

pull 
query

Fig. 3 Push / pull mode 

In pull mode a query executed on data source pulls data 
from the data sources, i.e. pull mode is always on 
demand. In a high latency data consolidation system the 
data is pulled from the source system to the target (data 
warehouse) at scheduled intervals. Data queries take 
periodic snapshots of the source data which are then 
transferred into the target system. 

E. Avoiding information inconsistencies 

Data sources integration can lead to information 
conflicts which need to be eliminated. The issue has 
recently received increased attention. Intensional 
inconsistencies, often referred to as semantic 
inconsistencies, appear when the sources are in different 
data models, or have different data schemas, or the data is 
represented in different natural languages or in different 
measures. For example: “Is 35 degrees measured in 
Fahrenheit or in Centigrade?” this type of inconsistencies 
may be resolved by the usage of ontologies which 
explicitly define schema terms and thus help to resolve 
semantic conflicts. This is ontology based data 
integration.  

Extensional inconsistencies, often referred to as data 
inconsistencies, are factual discrepancies among the data 
sources in data values for the same objects. Extensional 
inconsistencies are visible only after intensional 
inconsistencies are resolved. Motro [9] argues that “all 
data are not equal”, and “that data environment is not 
egalitarian, with each information source having the same 
qualification”. In a diverse environment “the quality” of 
information provider’s data is not equal. Many questions 
arise, such as: Is data enough recent or is outdated? Is the 
data source trustworthy? Is data expensive?  An 
interesting approach is suggested by [9]. In Internet era 
when the number of alternative sources of information for 
most applications increases, users often evaluate the 
information about data sources. The meta data, such as 
timestamp, cost, accuracy, availability, and clearance, 
whether provided by the sources themselves or by a third-
party dedicated to the ranking of information sources, 
may help users judge the suitability of data from the 
individual data source. 

IV. INTEGRATED INFORMATION SYSTEM 

A good information system relies on its operational 
subsystem, for example Enterprise Resource Planning 
system (ERP), which uses a multitude of interrelated 
program modules that process data in the operational data 
base on individual functional areas. In Fig. 4, the 
operational subsystem is exemplified by three basic 
functions: supply, manufacturing and sales. They stretch 
from the top to the bottom of the operational pyramid. 
The operational subsystem of an information system is 
supplemented by the analytical subsystem. Its analytical 
data processing capabilities process data in the data 
warehouse. The complete operational and analytical 
solution is called Enterprise Information system (EIS) or 
simply Enterprise System (ES). 

Fig. 4 Information system 

Even though most organizations have a functional 
structure, an examination of business processes provides 
a more authentic picture of the way business is run. A 
business process is a structured, measured set of activities 
designed to produce a specific output for a particular 
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customer or market [5]. According to business process 
approach, some typical process lines may be used, of 
which only one is shown in Fig. 4: Financial and 
Business Performance Management (a set of processes 
that help organizations optimize their business or 
financial performance), Customer Relationship 
Management (CRM) (a set of processes utilized to 
provide a high level of customer care), Supply Chain and 
Operations (a set of processes involved in moving a 
product or service from supplier to customer). 

A vertically integrated information system connects 
activities on the lowest level of a particular function (e.g. 
a process of transactional retailing) with data analysis and 
data representation on the decision-making level (e.g. 
reports on sales analysis for the general manager). If the 
vertical coverage of data from a particular functional area 
is insufficient, the data does not comprise all levels of this 
functional area. This is the case when, for example, only 
operational sales data exist, whereas sales data for the 
tactical and strategic level of decision-making are missing 
due to the lack of appropriate sales reports or if there is 
no possibility to interactively analyse sales data.  

A horizontally integrated information system enables a 
systematic monitoring of specific business processes 
from end to end. For instance, as soon as a purchase order 
arrives, an integrated information system can receive it, 
forward it “automatically” to sales and delivery process 
which will deliver the goods to the customer and send the 
invoice to his information system, open a credit account, 
record the quantity of goods delivered in warehouse 
evidence; in case that goods first need to be produced in a 
manufacturing plant the system will issue a work order to 
manufacture the required quantity of goods; the 
production process can be supplied by a production plan; 
sales results will be visible to the sales manager and 
analysed using analytical tools of the information system; 
etc. An integrated information system enables recording 
of all business events so that the data can be used an 
analysed effectively throughout the organization. 
Insufficient horizontal integration of different functional 
areas results when functional areas are not integrated. In 
case that production data are not visible in the sales 
application, or they need to be re-entered (although they 
already exist in the production application), operational 
sales data will not be well integrated with operational 
production data.  

Finally, if data in an information system are not 
sufficiently integrated, the information system will be 
comprised of isolated information (data) islands. An 
information system is not integrated unless individual 
functional areas are mutually integrated with other 
functional areas by data. For instance, sales data may not 
be integrated i.e. connected with production data; or they 
may be integrated in indirect and complicated ways. 
Problem occurs because some older applications were 
designed for individual functional areas without concern 
for other functional areas.  

V. INFORMATION SYSTEM’S CLOSE-LOOP 

Over the years, enterprise’s analytical subsystems with 
data warehouses evolved from relatively simple reporting 
tools to sophisticated analytical applications used for 

analyzing customer lifetime values, market basket 
analyses, potentially defecting customers, fraud patterns, 
customer churns, etc. Even today, however, many data 
warehouses do not offer any integrated data with 
operational data bases other than the snapshots of data 
from the day before or even last week. According to the 
refreshment speed, data warehouses may be classified as 
(1) updated or synchronized immediately (real time data 
warehouse) or almost immediately as the operational data 
base (near real time data warehouse), (2) updated in 
relaxed time, such as half hour, (3) or updated lately, 
typically in batches on daily basis.  

The typical data warehouse primarily supports tactical 
and strategic rather than operational decision making 
processes. However, operational decision making 
processes can be achieved with active data warehousing. 
Active data warehouse [12] supports automatic decision 
making processes with routine decision tasks and can 
make routine some elements of semi-routine decision 
tasks. Routine decisions are mostly operational decisions; 
semi-routine decisions are operational or tactical 
decisions. Here is an example of how an operational 
decision is automated: After the product has been 
launched, analysis showed that the total quantities of 
product sold were below the planned quantities so the 
price of the launched product may need to be reduced 
significantly in some markets. The active rule which 
analyses sales data in the data warehouse and propagates 
result of analysis into the operational data base can be 
used to automate the decision making process. Clearly, 
the operational processing can be driven by the data 
warehouse. 

Some characteristics of an active data warehouse are: 

 An active data warehouse represents a single, 
canonical state of the business, i.e. a single version of 
the truth. 

 It represents a logically consistent store of detailed 
data available for strategic, tactical, and event driven 
business decision making. 

 It relies on timely updates to the critical data - as 
close to real time as needed. 

 It supports short, tactical queries that return in 
seconds, alongside of traditional decision support. 

 It represents a closed loop process between the 
operational (transactional) system and analytical 
(data warehousing) system.  

The transactional system feeds the data warehouse, and 
the data warehouse feeds back the transactional system in 
order to drive and optimize transactional processing. So 
the close-loop between the analytical and operational 
system is completed. Therefore, the data warehouse is 
active only if it automatically delivers information to the 
operational data base. The transfer from the data 
warehouse to the operational data base is accomplished 
by means of automated system mechanisms such as 
triggers, special purpose programming interfaces, a 
message broker or even an ETL tool. The active data 
warehouse uses technology that transforms passive 
database systems into reactive systems which respond to 



 

database and external events through the use of rule 
processing features [1, 11].  In such a way the data 
warehouse provides operational intelligence and, as an 
active data warehouse, drives operational processing.  

If the data warehouse doesn't automatically deliver 
information to operational systems, then it is not active. 
Manual interventions do not make a data warehouse 
active. 

The closed-loop must be implemented thoroughly. For 
example, if the data warehouse supports customer 
relationship management (CRM), the close-loop is 
fulfilled only if the data warehouse creates a complete 
and unified view of customers, product, sales etc. and 
hooks back into the operational data base. The interface 
between operational and analytical systems, in both 
directions, is the essence of active data warehousing. 

The best way to make a data warehouse active is by 
automation. Whenever the decision support system 
generates operational initiatives it is necessary to 
propagate it to the operational system. 

VI. CONCLUSION 

Enterprise’s information system is an important factor 
in enterprise integration. Integration can be accomplished 
at various levels: data, business process, application, or 
user interaction. 

Effective integration of the operational and analytical 
(sub)systems of enterprise’s information system is crucial 
for the success of the enterprise’s business. 

Only by combining the information from these two 
systems can the enterprise realize the full value of the 
data they contain. Data integration is mostly achieved by 
data consolidation, data federation and data propagation. 
Since integrated data can be jeopardised by information 
conflicts, all intensional and extensional inconsistencies 
have to be resolved. 

 A good information system relies on its operational 
subsystem, which is supplemented by an analytical 
subsystem. As a whole, the system provides complete 
operational and analytical solutions. A vertically 
integrated information system connects activities on the 
lowest level of business functions with data analysis and 
data representation on the high level decision-making. A 
horizontally integrated information system enables a 
systematic monitoring of business processes from end to 
end.  

Moreover it is important to close the loop between the 
analytical and operational information subsystems. Until 
now, the operational subsystem was only used to deliver 
data to the analytical subsystem which would use it to 
produce the analytical information needed in decision-
making process. If the active analytical subsystem (driven 
by an active data warehouse) delivers useful analytical 
data back to the operational subsystem, the loop is closed 
and the business can benefit from operational 
intelligence. Closed loop systems allow the enterprise to 
automatically respond to opportunities with agility. In 
many cases, the human involvement in routine decision 
making may be eliminated. 
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