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of intelligent tutoring systems to a wider audience 
of learners. Despite the fact that nearly all schools 
provide Internet and computer access to students, a 
deeper examination reveals that the presence of tech-
nology does not equate to effective use of the tech-
nology. Perhaps surprisingly, in a recent survey, only 
one-third of survey teachers indicate feeling prepared 
to use computers and the Internet for instruction [8]. 
Another factor hindering use is the student-to-comput-
er ratio in schools: in 2005, no school reported having 
one computer for each child with the lowest computer 
to student ratio being approximately 3-to-1. Unfortu-
nately, schools with greater numbers of minority stu-
dents enrolled reported a higher number of students 
per computer [8]. The low cost of mobile and handheld 
devices has the potential to deliver a one-to-one com-
puting solution to the education community [9].
3- Java (programming language)
Java is a general-purpose computer-programming 
language that is concurrent, class-based, object-ori-
ented, [10]and specifically designed to have as few 
implementation dependencies as possible. It is in-
tended to let application developers “write once, run 
anywhere” )WORA(, meaning that compiled Java code 
can run on all platforms that support Java without the 
need for recompilation. [11] Java applications are typ-
ically compiled to bytecode that can run on any Java 
virtual machine )JVM( regardless of computer archi-
tecture. As of 2016, Java is one of the most popular 
programming languages in use, [12] particularly for 
client-server web applications, with a reported 9 mil-
lion developers. [12] Java was originally developed 
by James Gosling at Sun Microsystems )which has 
since been acquired by Oracle Corporation( and re-
leased in 1995 as a core component of Sun Microsys-
tems’ Java platform. The language derives much of its 
original features from SmallTalk, with a syntax similar 
to C and C++, but it has fewer low-level facilities than 
either of them.
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Implementation of  breast Cancer Prediction System (BCPS):
 To Assist in Prediction of  breast Cancer-Based

on Data Mining Techniques

Breast cancer is one of the fatal diseases in the world 
nowadays. It is caused by some genetic and non-genetic 
factors. It is primary cause of death in developed and de-
veloping countries. Early detection of cancer is the perfect 
way to reduce it, so that it may be curable.  The target is 
to reduce mortality rates by diagnosis of breast cancer 
earlier in Egypt and thereforee having a better chance of 
surviving from this disease. The goal of breast cancer pre-
diction system and diagnosis is to help female and doctors 
to discover the disease before the appearance of symp-
toms and help millions of lives. The system is a breast 
cancer prediction application which will be an easy way 
for normal prediction of breast cancer and according to 
some steps will be followed by the female whatever if she 
is affected or not to be as early prediction. This study is 
intended to enhance the breast cancer diagnosis by focus-
ing on using the data mining techniques. Classification is a 
major technique in data mining and widely used in various 
fields. It’s a data mining function that assigns items in a 
collection to target categories or classes, and accurately 
predict the target class for each case. Final results through 
WEKA which use a decision tree that shows that applying 
C4.5 builds a more efficient tree which gives high predic-
tion accuracies, faster and better results. As a result, the 
tree generated by C4.5 algorithm was much higher than 
the rest. As seen from results, data mining techniques can 
contribute to breast cancer diagnosis performance by pre-
dicting the breast cancer. 
Keywords: Breast cancer in Egypt, Medical Data Mining, 
Classification, Decision Tree, WEKA, RandomTree, C4.5,  
REPTree, SimpleCart.
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1. Introduction
Data mining is usually defined as the extraction of before 
unknown and possibly valuable information from a da-
tabase.  With the rising volumes of electronic patient re-
cords, data mining has become general to excerpt hidden 
patterns inpatient data for healthier understanding of rela-
tionships within the data. Data mining in medical domain is 
single from that in other domains due to the special char-
acteristics of medical datasets [1].
Breast cancer rates are increasing in developing countries, 
including Egypt, and are largely attributed to the aging of 
the population, delay in time of first pregnancy, decrease 
in number of children and in breast feeding, and a move 
toward high-calorie Western diets [2]. Although breast 
cancer incidence rates in Egypt are substantially lower 
than the rates in the United States and other developed 
countries, breast cancer is the most commonly cancer 
among women in Egypt. Furthermore, the current demo-
graphic trends favor the likelihood that breast cancer will 
become an even greater public health concern in Egypt in 
the future [3].
In Egypt, breast cancer is estimated to be the most com-
monly cancer among females accounting for 37.7% of their 
total with 12,621 new cases in 2008. It is also the leading 
cause of cancer related mortality accounting for 29.1% of 
their total with 6546 deaths. These estimates are confirmed 
in many regional Egyptian cancer registries [4].
In this paper, data mining is used to offer unique oppor-
tunities to predict the survival of patients with fatal dis-
eases and predict treatment outcomes. This thesis pres-
ents an approach for diagnosis of breast cancer disease 
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using data mining techniques. The predictive System has 
a mission which is Women’s health promotion through 
breast cancer awareness spreading, education and early 
detection of this a fatal disease by providing a test method 
which is affordable and accessible to anyone. 
Early detection is key in the treatment of breast cancer. 
The earlier patients can detect the signs and factors of 
the disease, the more opportunity of recovery increases. 
There are steps you can take to detect breast cancer early 
when it is most treatable, since the early stages of breast 
cancer are much higher in recovery possibility than late 
diagnosed stages of the disease. As time passes on the 
disease without detecting it, the surviving rates grossly 
decrease.
In the near future, the software aims to spread awareness 
of breast cancer symptoms, the consequences of late and 
early detection of the disease, and eradicate the backward 
idea of stigma attached to having breast cancer or to an-
nounce it.
2.   Related Work
In the first study, data mining techniques are used to pre-
dict the cancer disease at an earlier stage. Different re-
searchers have proposed different techniques to predict 
the cancer disorder and different kinds of accuracy level 
as per used techniques. These techniques help to mini-
mize the irrelevant data of patient’s data from the data-
bases in medical center. Algorithms such as decision tree, 
ANN, Support Vector Machine, Naïve bays, Back propaga-
tion and Regression are considered for the study. These 
algorithms gave thevarious results based on speed, ac-
curacy, performance and cost. Also these effective clas-
sification data helps to find the treatment to the patient [5].
In the second study, used data mining techniques for di-
agnosis and prognosis of cancer. Cancer is the most im-
portant cause of death for both men and women. The early 
detection of cancer can be helpful in curing the disease 
completely and presented a system for diagnosis and 
prognosis of cancer using Classification and Association 
approach in Data Mining to predict the possibility of can-
cer in context to age. The result showed the Decision tree 
is found to be best predictor [6].
In the third study, two data mining techniques are used to 
predict breast cancer risks in Nigerian patients by using 
the naïve Bayes algorithm and the J48 decision tree algo-
rithms. The performance of both classification techniques 
was evaluated in order to determine the most efficient and 
effective model. The J48 decision trees showed a higher 

accuracy with lower error rates compared to that of the 
naïve Bayes algorithm method while the evaluation criteria 
proved the J48 decision trees to be a more effective and ef-
ficient classification techniques for the prediction of breast 
cancer risks among patients of the study location [7].
In the fourth study, an overview of the current research 
is carried out by using the data mining techniques to en-
hance the prognosis of lung cancer. Aim of the study is to 
propose a model for early detection and correct diagnosis 
of the disease which will help the doctor in saving the life 
of the patient [8].
In the fifth study, a performance comparison between dif-
ferent machine learning algorithms: Support Vector Ma-
chine (SVM), Decision Tree (C4.5), Naive Bayes (NB) and k 
Nearest Neighbors (k-NN) on the Wisconsin Breast Cancer 
(original) datasets is conducted. The main objective is to 
assess the correctness in classifying data with respect to 
efficiency and effectiveness of each algorithm in terms of 
accuracy, precision, sensitivity and specificity. Experimen-
tal results show that SVM gives the highest accuracy with 
lowest error rate [9].
3. Data Mining Concepts
There are many definitions of data mining [10] 
Data mining is the process of searching for specific and 
useful information through large amounts of data. It is also 
the process of analysis and exploration of large amounts 
of data by using automatic or semi-automatic means in 
order to find and discover meaningful patterns and rules.
Data mining is to discover and obtain knowledge of pat-
terns associations, changes, anomalies and significant 
structures through large amounts of data stored in da-
tabase, data warehouses or stored in other information 
stores.
Data mining consists of five major elements [11]:
1. Extract, transform, and load transaction data onto the 
data warehouse system. 
2. Store and manage the data in a multidimensional data-
base system.
3. Provide data access to business analysts and informa-
tion technology professionals. 
4. Analyze the data by application software. 
5. Present the data in a useful format, such as a graph or 
table.
3.1. Data Mining Techniques 
Data mining techniques are used to operate on large vol-
umes of data to discover hidden patterns and relation-
ships helpful in decision making. While data mining and 

knowledge discovery in database are frequently treated 
as synonyms, data mining is actually part of the knowl-
edge discovery process. The sequences of steps identified 
in extracting knowledge from data are as represented in 
knowledge discovery. Various algorithms and techniques 
like Classification, Clustering, Regression, Artificial Intel-
ligence, Neural Networks, Association Rules, Decision 
Trees, Genetic Algorithm, Nearest Neighbor method etc. 
are used for knowledge discovery from databases [12]. 
The different classification algorithms mentioned below in 
Fig. 1  are used to predict or to analyze various diseases.

Fig. 1  Different Techniques in Data mining

3.1. Selection Data Mining Techniques
Objective of this paper is to build the classification model using a 
decision tree algorithm. The decision tree is a very good method 
because it is relatively fast, it can be converted to a simple rule, 
and accuracy level is high. The decision tree function in this re-
search is focusing on classifying the data, to reach our data mining 
goal, which will be used to find the relationship between specific 
features. By using the RandomTree, C4.5, REPTree and Simple-
Cart algorithm .In this research RandomTree, C4.5, REPTree and 
SimpleCart is applied because they commonly used algorithms.
1. Proposed System Architecture
Predictive system helps the user to predict the risk of breast can-
cer. This is made of steps that include the usage of data mining 
and mathematical probability to prognostic outcomes. This sys-
tem consists of hardware, software and database which is a num-
ber of predictive factors, these factors are also called attributes 
that are likely to affect the output of this system. A sample of data 
which is related to the output is collected, and the predictive at-
tributes are assigned after the data clean and selection stages, 
then a mathematical method is formulated to retrieve the output 
of the method. This system depends on the model which can be 
shown in Fig. 2. The model is working on recognizing patterns and 
information from historical data and building a decision function 
to make predictions based on the factors extracted from these his-

torical data. In Fig. 3 which shows that, once the user enters into 
the breast cancer prediction system (BCPS), she needs to answer 
the questions, related to genetic and non-genetic factors. Then the 
BCPS assigns the risk value to each question based on the user 
answers. Once the risk value is predicted, the range of the risk 
can be determined by the prediction system and this is the system 
feedback.  The system can be used to predict anything from me-
teorology and weather forecasting to medical fields. 

Fig. 2 Cycle of Predictive Modeling
The proposed system Architecture includes stages as fol-
lows see: (Fig. 3)
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Fig. 3 Architecture of breast Cancer Prediction System
1.  Implementation of breast Cancer Prediction System 
 The BCPS is a stand–alone system it is an application 
which could be downloaded to any Mobile and the test is 
done through some questions.  
5.1. Software Requirements Specification (SRS)
A software requirements specification (SRS) is a detailed 
description of software to be developed with its functional 
and non-functional requirements.  It may include the use 
cases of how user is going to interact with system. To de-
velop the system we should have a clear understanding of 
system. To achieve this we need to continuous communi-
cation with doctors to gather all requirements.  Functional 
requirements are given to show the system features and 
expected user interaction. 
Non-functional requirements are outlined for later verifica-
tion. They are classified into:
5.1.1. Nonfunctional Requirements
 Nonfunctional Requirements define system attributes 
such as security, reliability, performance, maintainability, 
scalability, and usability. They serve as constraints on the 
design of the system across the different backlogs. Non-
functional requirements may include: 
5.1.1.1. Operational Requirements
Usability: 80% of users will not need to read the user Help 
to be able to use the system, as it was designed to be easy 
and simple to use.
5.1.1.2.  Performance Requirements
Performance requirements specific to the metrics and 
parameters that describe the product’s capacity. Perfor-
mance requirements usually cover the following concerns:
1. Response Time
The system response times are clearly identified as part of 
a business case. The system is reacting instantaneously, 
meaning that no special feedback is necessary except to 
display the result. All the calculations and predictive pro-
cess in the background are instantaneously.
2.  Workload
The business case or existing process should be the start 
of the workload definition. The workload is often described 
as the scenarios that the users are likely to execute. The 
system can take too much load of transactions at any par-
ticular moment. The system is built and designed to re-
ceive thousands of users and the underlying infrastructure 
is able to support the high traffic.
3.  Scalability
In one respect scalability is simply specified as the in-

crease in the system’s workload that the system should be 
able to process. The scalability required is often driven by 
the lifespan and the maturity of the system.
The breast cancer prediction system is not expected to 
face any sudden increase in workload, since it will smooth-
ly become popular with people. 
4.   Platform
A system platform is defined as the underlying hardware 
and software (operating system and software utilities) 
which will house the system.
The breast cancer risk prediction system will include a mo-
bile application designed to work on Android and iPhone 
Operating System (IOS) platforms.
5.1.1.3.  Security Requirements
Breast Cancer Prediction System (BCPS) account security 
is provided by secure login to the Account. Login informa-
tion input via BCPS application will not be stored. All us-
ers’ information are safe and protected against any hack 
threatens. User approaches as anonymous, and no one 
can access any private information or any kind of data be-
longs to the system user.
5.1.1.4.   Documentation and Training
The system will be delivered to users as a download pro-
gram without documentation or training.  User guide and 
system documentation will be provided to stakeholders.
5.1.2.  Functional Requirements
A functional requirement defines a function of a system or 
its component, where a   function is described as a speci-
fication of behavior between outputs and inputs. And it’s a 
basic functionality or desired behavior documented clearly 
and quantitatively. Sequence diagram is one of the func-
tional requirements main collections:
5.1.2.1. Unified Modeling Language (UML) Sequence Dia-
grams
A sequence diagram shows object interactions arranged in 
time sequence. It depicts the objects and classes involved 
in the scenario and the sequence of messages exchanged 
between the objects needed to carry out the functionality 
of the scenario. Sequence diagrams are typically associ-
ated with use case realizations in the Logical View of the 
system under development.
A sequence diagram shows, as parallel vertical lines (life-
lines), different processes or objects that live simultane-
ously, and, as horizontal arrows, the messages exchanged 
between them, in the order in which they occur. This allows 
the specification of simple runtime scenarios in a graphi-
cal manner. They are shown in the following two figures.

Fig. 4  Sequence Diagram for Prediction Process
The first part of the sequence diagram shows the repeated 
approach of collecting predictive factors and validate them 
first, then record them in database. 
After collecting all needed data, classification method in 
the backend starts the prediction process. A ratio repre-
sents the level of risk is outputted to the user.

 Fig. 5  Sequence Diagram for Prediction Process and
Final Result

5.1.1.1. Stakeholders
The term stakeholder is used to refer to any person or 
group who will be affected by the system or affected by its 
outcome, or can influence its outcome, directly or indirect-
ly. Stakeholders include end-users who interact with the 
system and everyone else in an organization that may be 
affected by its installation. Other system stakeholders may 
be engineers who are developing or maintaining related 
systems, business managers, domain experts, and trade 
union representatives. The stakeholder analysis improves 
the identification and understanding of stakeholders in the 
system. System stakeholders are categorized as follows:
1. System users: daily female system users are the most 
important segment in stakeholders. The system guaran-
tees an easy and simple design and smooth to use which 
satisfies all users’ preferences. The system also aims to 
target all ages of women.
2. Employees: A software team to develop the system and 
to work on maintaining the system, analysts and designers 
to guarantee the best service to the system users. 
3. Organizations: Medical and statistical organization may 
offer a collaboration with the system in seek of improving 
the diagnosis of the disease.
5.2. Context Model of breast Cancer
A context model defines how context data are structured 
and maintained it aims to produce a formal or semi-formal 
description of the context information that is present in the 
system. In other words, the context is the surrounding ele-
ment for the system, and a model provides the mathemati-
cal interface and a behavioral description of the surround-
ing environment. The system deals with three main entities 
from its surrounding context:
1. Women society: which is the largest group of the users 
base, the data transaction starts when user submit the pre-
dictive attributes on the system, then the system displays 
back his risk level of breast cancer diagnosis.
2. Employees: that maintains and develops the system 
regularly.
3. Medical organizations: that guarantees the validity of the 
predictive health conditions and factors which the system 
builds its prediction on, and may benefit from the collected 
data and use them in fighting disease research.
The context diagram shows how data travel among those   
main objects and how the system collects its data. Thit can 
be represented in the following Figure 
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Fig. 6 Context Model

5.1. User Interface
The general personality of the interface should convey a 
conservative, professional, authoritative or fun attitude. 
The interface will be intuitive. As a mobile app it will be 
streamlined and simple to use.  No training will be pro-
vided and it is expected that 90% of users will be able to 
use the app without any training. Thit can be represented 
in Fig. 7a and Fig. 7b

Fig. 7 Sample Design Applications

1. Output Result of breast Cancer Prediction System
The breast cancer prediction system has an outcome of 
an integer percentage value represents the level of risk. 
There are three levels of risk which are low, intermediate 
and high risk. Based on the predicted risk values the range 
of risk can be estimated. Thit can be represented in Fig. 8

Fig. 8  Result of breast Cancer Prediction System (BCPS)

1. Analysis of breast cancer prediction system
There are four data mining techniques were chosen to find 
the effectiveness of BCPS which are RandomTree, C4.5, 
REPTree and SimpleCart.
7.1 Classification
In this paper, the classification approaches are used to 
predict breast cancer diagnosis and there are two cases 
Benign and Malignant and how other attributes affect them.
Four classification techniques are used which are decision 
tree (RandomTree, C4.5, REPTree and SimpleCart). A deci-
sion tree classifier extracts a set of rules that show rela-
tionships between attributes of the data set and the class 
label.
It uses a set of IF-THEN rules for classification. Rules are 
easier for humans to understand, given a class, from train-
ing data and then allow the use of these probabilities to 
classify new entities.
7.2 Experimental Results and Discussions
There are some accuracy and inaccuracy measures on the 
basis of the performance of classifiers to be evaluated. 
Along with them there are some error measures which are 
used to find out and then the predicted value is from actual 
known value.
In this test we can use systematic method to increment 
sample by 5%. 
Classification accuracy is our starting point. It is the num-
ber of correct predictions made divided by the total num-
ber of predictions made, multiplied by 100 to turn it into a 
percentage.
7.2.1 Accuracy Classified
The Accuracy of a classifier on a given test set is the per-
centage of test set tuples that are correctly classified by 
the classifier. Thit can be shown in the following Table 1
Table 1  Accuracy Classified

Fig. 9 Accuracy Classified

In Fig. 9, accuracy was calculated for RandomTree, C4.5, 
REPTree and SimpleCart by using WEKA through eight 
tests of the sample they are (35%, 40%, 45%, 50%, 55%, 60%, 
65% and 70%). It was found that the best percentage of 
Training set is 60% and Testing Set 40% at C4.5 algorithm 
because it gave us the highest accuracy (95.61%).

7.2.2 Incorrectly Classified
The incorrectly shows the percentage of error in data 
during analysis, so that the incorrectly classified can be 
represented in the following table 2

Table 2 Incorrectly Classified

Fig 10  Incorrectly Classified
In Fig. 10, it was calculated incorrectly for RandomTree, 
C4.5, REPTree and SimpleCart by using WEKA through eight 
tests of the sample they are )35%, 40%, 45%, 50%, 55%, 60%, 
65%   and 70%(. The best percentage of Training set is 60% 
and Testing Set 40% at C4.5 algorithm because it gave us 

the lowest Incorrectly )4.38%(.
2. Breast Cancer Evaluation of Dataset  
Total numbers of instances in breast cancer evaluation 
dataset are 569 instances. Tenfold cross validation 
technique is used to obtain the number of classified and in 
classified number of instances in breast cancer evaluation 
datasets. 

Table 3 shows the number of correctly classified and 
incorrectly classified instances for four classification 
algorithms. C4.5 algorithm with the highest number of 218 
classified instances and REPTree algorithm with greatest 
number of incorrectly classified instances 18. REPTree 18 
incorrect instances are highest as compared to number 
of incorrectly classified instances of other three studied 
algorithms.
Fig. 11 Number of Classified Instances for breast cancer 
Evaluation Data Set
From the Table 3 and fig. 11 it is evident that from breast 
cancer evaluation dataset C4.5 has the highest number of 
correctly classified instances followed by RandomTree 
algorithm. All the two algorithms perform well in classifying 
the instances. RandomTree algorithm shows average 
performance. Whereas SimpleCart and REPTree algorithm 
have the lowest performance in terms of correctly 
classification of instances.

Table 3 shows the number of correctly classified an 
incorrectly classified instances for four classification 
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algorithms. C4.5 algorithm with the highest number of 218 
classified instances and REPTree algorithm with greatest 
number of incorrectly classified instances 18. REPTree 18 
incorrect instances are highest as compared to number 
of incorrectly classified instances of other three studied 
algorithms.
Fig. 11 Number of Classified Instances for breast cancer 
Evaluation Data Set
From the Table 3 and fig. 11 it is evident that from breast 
cancer evaluation dataset C4.5 has the highest number of 
correctly classified instances followed by RandomTree 
algorithm. All the two algorithms perform well in classifying 
the instances. RandomTree algorithm shows average 
performance. Whereas SimpleCart and REPTree algorithm 
have the lowest performance in terms of correctly 
classification of instances.
1. CONCLUSION
Breast cancer is a fatal disease. Breast cancer represents 
a major threat to female. Detection of breast cancer is 
challenging for the doctors till now. Even now the reason 
and complete treatment of breast cancer is not invented. 
If the breast cancer is detected early it may be curable. In 
this work we developed a system called data mining based 
BCPS. The main goal of this system is to provide early 
warning to female, and it is also free and not time consuming. 
There are three specific breast cancer risks which are low, 
intermediate and high risk. Breast cancer prediction system 
can estimate the risk of breast cancer by examination of a 
number of user-provided genetic and non-genetic factors. 
This system compares its predicted results with the patient’s 
previous medical records and then it’s analyzed by using 
WEKA system. This system is a mobile application over the 
internet so the female can use it easily and check her risk 
and take appropriate action based on her risk status.
Based on this analysis, we can confirm that the best 
algorithm is C4.5 because it gave us the highest accuracy 
)95.61%( and gave the lowest incorrectly )4.38%( compared 
with RandomTree, REPTree and SimpleCart.
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Machine Learning in 2019:
Getting it Right from the Cloud to the Edge

Machine learning and artificial intelligence will be front
and center in all business processes

As machine learning (ML) and artificial intelligence become more 
pervasive, data logistics will be critical to your success.

In Machine Learning Logistics: Model Management in the 
Real World (O’Reilly, 2017), the authors note that 90 percent 
of the effort required for success in machine learning is not 
the algorithm, model, framework, or the learning itself. It’s 
the data logistics. Perhaps less exciting than these other 
aspects of ML, it’s the data logistics that drive efficiency, 
continuous learning, and success. Without data logistics, 
your ability to continue to refine and scale are severely lim-
ited.
Good data logistics does more than drive efficiency. It is 
fundamental to lower costs no w and improved agility in 
the future. As ML and AI continue to evolve and expand into 
more business processes, enterprises must not allow early 
successes to turn into limitations or problems long-term. 
In a paper by Google researchers (Machine Learning: The 
High Interest Credit Card of Technical Debt), the authors 
point out that although it is easy to spin up ML-based ap-
plications, the effort can result in costly data dependencies. 
Good data logistics can mitigate the difficulty in dealing 
with these complex data dependencies to avoid hampering 
agility in the future. Using a proper foundation like thit can 
also ease deployment and management as well as allow the 
evolution of these applications in ways that are impossible 
to foresee precisely today.

In 2019, we’ll see a shift from complex, data-science-heavy 
deployments to a proliferation of initiatives that can be best 
described as KISS (Keep It Simple to Start). Domain experi-
ence and data will be the drivers of AI processes that will 
evolve and improve as experience grows. This approach 
will offer another advantage: it also improves the productiv-
ity of existing personnel as well as expensive, hard-to-find, 
-hire, and -retain data scientists.
This approach also eliminates the concern over picking 
“just the right tools.” It is a fact of life that we need multiple 
tools for AI. Building around AI the right way allows con-
tinuous adjustment to take advantage of new AI tools and 
algorithms as they appear. Don’t worry about performance, 
either (including that of applications that must stream data 
in real time) because there are continual advances on that 
front. For example, NVIDIA recently announced RAPIDS, 
an open source data science initiative that leverages GPU-
based processes to make the development and training of 
models both easier and faster.
Multi-Cloud Deployments Will Become More Commonly as 
a Way to Prevent Lock-In
As organizations expand their use of ML and AI across 
multiple lines of business, they will need to access the full 
range of data sources, types, and structures on any cloud 

17 18




