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It is commonly known that business analytics can be useful, and the interest on
business analytics has been rising. However there exists a need for a link between
analytical professionals and business executives, for their co-operation is constrained
by their different skill sets. The goal of this paper was to recognize the responsibilities,
which such a professional working as a link, should have to improve the use of
business analytics in companies. The profession was hamed "business translator". The
goal was inspired by the fact that currently there doesn't exist such a profession but

the activities are carried out by many people if done at all.

The study was conducted as a literature review. The paper follows the process of
analytical decision making and considered the possible role a business translator could

have in each phase.

A business translator has two main responsibilities; supporting the decision framing by
giving business input to make modelling more effective and translating the results of
the model into actionable business decisions, and explaining and communicating the
decisions to the executives. Business translator has also two secondary tasks: building
of models with data analysts and promoting and supporting analytical decision making

in the organization.
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Liiketoiminta-analytiikka tiedetaan laajalti hyodylliseksi, ja kiinnostus sita kohtaan on
ollut kasvavaa. Kuitenkin analyytikoiden ja paatoksentekijdiden yhdistaminen on
vaikeaa, silla heidan taitonsa ovat toisistaan poikkeavia. Taman tutkielman
tarkoituksena on tunnistaa vastuutehtavia mita heidat yhdistavalla henkildlla tulisi olla.
Analyytikoiden ja paattajien yhdistamisen perimmaisena tarkoituksena on tehostaa
liketoiminta-analytiikan kayttéa yrityksessa. Talla hetkellda tallaista ammattia ei
kuitenkaan ole, vaan kuvatut toiminnot toteuttaa useampi henkild mikali ne edes

huomioidaan, ja tama teki tyosta merkityksellisen.

Tutkielma toteutettiin  kirjallisuuskatsauksena. Tutkielma seuraa analyyttisen
paatoksenteon prosessia ja pohtii, mita eri vaiheissa tulisi tehda, jotta analyytikoiden

ja paatoksentekijoiden yhteistyo tehostuisi.

Tutkielmassa tunnistettin  kaksi paatehtavaa: 1. Kun paatdéstd muotoillaan
analyyttiseen mallintamiseen sopivaksi, liketoiminnan asettamat rajoitteet ja oletukset
tulee huomioida. 2. Kaytetyn analyyttisen mallin tulokset tulee sijoittaa liiketoiminnan
kontekstiin tekemalla niista toteutettavissa olevia ehdotuksia, ja nama ehdotukset tulee
selittdad paatoksia tehdessa. Tutkielmassa tunnistettin myds kaksi muuta tehtavaa,
joista ensimmainen on mallien kehittdminen data-analyytikkojen kanssa ja toinen
analyyttisen paatdoksenteon puolesta puhuminen yrityksessa. Nama tehtavat ovat
kuitenkin toissijaisia.
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1. Introduction

The interest on business analytics has been rising. Many modern market leaders are
taking advantage of analytics in their activities. For example the success of Google is
dependent on the relevance and speed of online searches made with Google. These
can be achieved by optimizing the search results where analytics is necessary. The
business model of Google/Alphabet is altogether dependent on optimization since it's
vital that Google delivers relevant advertisements to users (Alphabet Inc., 2017, 4).
Innovative companies and startups challenge traditional market leaders with new
concepts which are products of business analytics and are made possible by business
intelligence systems. Now everyone is aware of the possible benefits of business
analytics. Also investors recognize the potential value of business analytics, and
announcements relating to business analytics yield positive abnormal returns
(Thompson, Rohit & Pauline, 2016, 271).

The benefits from business analytics aren't however easily realized. According to MGl
(2016, 30) the benefits gained through analytics are mostly realized by the few
trailblazer companies, who then continue to invest in analytics and data. Vidgren, Shaw
and Grant (2017) recognized the most significant issues associated with big data.
These were "data quality”, "availability of data" and "access to data sources", but
Vidgren et al. note that this may imply that many organizations are still at a reactive
baseline analytics stage. Baseline analytics means typical analytics processes used
widely i.e. financial forecasting, budgeting and supply chain management (Kiron &
Shockley, 2011).

Skilled labor for analytics is hard to come by. (MGI, 2016, 34-35, 38) The median salary
of data scientist rose in the United States about 35% between July 2012 and April
2014. Interestingly the median salary of a data analyst fell during that time. Data
scientists are expected to have more skills in software engineering and statistics than
data analysts and work mostly in big corporations. Also many data analysts have a
business background instead of a technical background. (Indeed.com, 2015, 28-30) It
is clear that future data analysts must have stronger statistical and programming skills,
but in the future analytical professionals with business background will be focusing on



the applications of analytical findings into business practice. MGI (2016, 40) estimates
that there will be a great shortage of so called business translators. They are
professionals who serve as a link between analytical specialists and practical
applications. Many companies are training these professionals within the company,
since it's extremely difficult to find professionals with industry experience and analytical
skills (Ransbotham, Kiron & Prentice, 2015). The role of a business translator will
become ever more important as companies keep building their analytics capabilities,
since data scientists and business intelligence experts need to be ever more focused
on their area of expertise as analytical methods and the required IT-infrastructure are

getting ever more complicated.

A data scientist should have technical (i.e. Python and SQL coding), analytical and
problem solving skills. Additionally an analyst should have communication, decision-
making and managerial skills but business acumen as well. (Villanova university;
Burch, 2014) However the first skills are quite different from the latter, and most
probably some analysts specialize in the foregoing skills and others in the latter. This
paper will be focusing on the actions and activities of the professionals specializing in
the latter skills. However also the activities of the other group will be reviewed briefly

in the modelling chapter.

Integration of analytics into decision making requires organizational transformation, not
just investments into analytics. Many companies have failed to do so and digital native
companies have an edge here, because they are starting from scratch instead of
changing current systems. (MGI, 2016, 34-35, 38) Summing up, the intermediary
between analysts and decision makers should be able to turn the insights of the
analysts into actual and working business suggestions which are understandable for
the executives, support the modelling of decisions by using the domain knowledge to
frame the decision effectively and lastly the intermediary should recognize
opportunities to transform the organization to support analytical decision making.

The research question of this paper is: "How can analytics usage in decision making
be enhanced?" That said the main point of interest is the optimal role and activities of
an intermediary between analytics and decision making; "What should such a

professional do to reach the desired goals?" The paper presents first a framework of



business analytics and then the different phases of analytical decision making which
are then evaluated based on the possible positive effects a business translator can

produce.

This paper will review literature concerning business analytics. The focus of majority
of business analytics literature is on modelling methods and is mainly technical. Also
there are many text books on business intelligence i.e. information systems, which are
technical as well. However this paper will focus on the less technical literature on
business analytics, which is often focused on how to turn business analytics into

business actions and make the best use of analytics.



2. The general framework of business analytics

Business analytics is often interchangeably used with business intelligence and big
data to refer to similar topics (Bayrak, 2015, 231). However when business intelligence
systems aim to provide comprehensive reporting capabilities and dashboards,
business analytics (BA) on the other hand can be defined as a broad category of
applications, technologies, and processes for gathering, storing, accessing, and
analyzing data to help business users make better decisions (Konasani & Kadre, 2015,
8; Watson, 2009). Business analytics goes beyond traditional business intelligence by
providing higher level of predictive insights and optimization, but the key problem here
is to translate this knowledge into solutions relevant to the business processes (Varga
& Vukovic, 2007).

Three roles can be observed in business analytics: business users, analysts and IT.
Business users are often consumers of analytics. They often trust the analysts to build
models that are useful in business actions and decision making, giving only little if any
input themselves. This leads often to disappointing results. (Saxena & Srinivasan,
2013, 4-5) Also LaCugna (2013, 12) notes that there is a growing consensus that
managers should develop their analytical skills and to be even more data driven.
Analysts are often data and math experts who are able to build sophisticated models,
but they lack the understanding of the decision process they are supposed to support.
The IT-department is the provider of business intelligence and data warehousing
infrastructure. Often IT experiences lack of communication and will have to create the
data infrastructure based on their interpretation of business needs. IT and analysts
should collaborate to make sure that the data infrastructure matches the analysts'
needs. (Saxena & Srinivasan, 2013, 4-5) Business intelligence is often handled as a

part of the IT portfolio instead of analytics portfolio (Williams, 2016, 163).

Figure 1 represents the three traditional roles, but also three interface areas to enable
the effective co-operation between the three roles. Data stewardship is about
measuring the quality of data and assess its usability for modelling. Decision framing
means expressing the needs of business users to analysts to support their work.
Decision execution is taking actions in the target domain and monitor the results.

(Saxena & Srinivasan, 2013, 6-7) In this paper my main point of interest is the "decision



framing" function since it combines business and analytics roles. However "decision
framing" function isn't just about articulating the decision needs, but also transforming
the results of the analysts into business actions, which are then communicated to the

decision makers.

Target Domain

Environment

Organization

Analytics Domain

TRADITIONAL Decision Decision

T Execution Making
L [
Data Decision Decision
Stewardship Modeling Framing
\
TRADITIONAL
ANALYTICS

Figure 1. General framework of analytics (Saxena & Srinivasan, 2013, 6)

The framework presented here discloses the traditional roles, and shows that for
effective use of analytics the interface functions are needed. Without data stewardship
the data quality would be insufficient and it wouldn't even improve, since part of data
stewardship is the feedback from the analysts concerning the data quality. Without
decision framing the insights of the analysts wouldn't be applicable to real business
environment and if they were the executives might not understand them in which case
they would probably ignore the insights and make the decision traditionally based on
their intuition. Decision execution requires business intelligence systems so that

deviations from the plan and progress towards the goals can be monitored.



3. Framing of the decision

This chapter focuses the framing of a decision, so that it can be modeled effectively.
Saxena & Srivinan (2013, 21) claim that the frame should be based on 1. purpose and
objectives 2. context 3. scope and constraints 4. desired outcome 5. organizational
structure, systems and culture and 6. risks. Context can be represented in different
decision layers which will be reviewed later. For example a decision need framed as
"On which product of the company should we focus to reach maximum sales with
minimum costs?" is bad, because it doesn't state if the decision criterion is increased
sales or lower costs. A better framing would be "On which product should we focus to
increase sales without increasing costs?" Sometimes the decision need is articulated
clearly, but the frame lacks some relevant constraints. For example if a projection of
future sales in retail sector doesn't consider possible supply disruptions due to capacity

constraints of the producers, then the sales projection will be biased.

There are four decision layers which are called network, capabilities, control systems
and workflow layers. These layers represent the context of the decision. Network layer
is associated with the strategy. Organizational structure, processes and culture are the
most important factors on this layer. Decisions on this layer have long lasting effects
and have little if any constraints. However these decisions set constraints on the other
layers. (Saxena & Srinivasan, 2013, 19-29) For example if a company seeks to enter
new markets and decides to enter one this will create a need for new employees and
therefore affects the capabilities layer. The main reasons for implementation failures
on the network layers are operational, motivational, knowledge and regulatory
problems (Mayntz 1997 in Niehaves, Klose & Becker 2006). Capabilities layer is in fact
about aligning the capabilities of the organization with the decisions made on the
network layers (Saxena & Srinivasan, 2013, 24-25). Capabilities include not only the
employees of the company but also assets and outsourced services e.g. when a
company enters a new market it can produce the products or services by itself which
requires assets (i.e. machines, equipment, business space) and employees with

relevant capabilities or it can outsource the production completely or partly.

Third layer is control systems layer which focuses on optimizing the utilization of the



capabilities. The schedules will have to be made under various operational constraints,
and the decisions must be renewed regularly, because these operational constraints
change constantly. (Saxena & Srinivasan, 2013, 19-29) For example a production
facility may reduce production temporarily when the profitability is lower for example
because of increased raw material costs or lowered market prices of the product, and
may increase it when profitability is high. Of course this is dependent on the type of the
product since some products can be stored to wait for higher market prices, and often
the fixed costs of a production facility are so dominant that even during a low
profitability period the facility will be working on full capacity. In the workflow layer the
work is executed. The analytics used in this layer is virtually real time since it must fulfill
the timing requirements of the business processes (Saxena & Srinivasan, 2013, 19-
29).

The four decision layers should be aligned with each other and be handled as a
process. Sometimes analytical capabilities are used on only the two lower layers,
where constraints are already so strongly set that analytics can have very limited effect.
Analytics capabilities are best used on the control systems layer, since the constraints
aren't overwhelming and the decision needs from the network layer are easily
understandable. However at the same time the decision needs and constraints should
be articulated clearly to lower levels and the feedback received from the lower levels
should be used when determining the constraints at higher levels. Also the data
received on the lower levels is of higher quality and quantity and it should be used in
the control systems layer since it has less constraints than the lower levels and has no

timing requirements. (Saxena & Srinivasan, 2013, 19-29)

By recognizing the decision frame a business translator can greatly enhance the
modelling of the decision. Some of the constraints can easily be considered by the
analysts, but most of them can be recognized only with necessary domain/business
knowledge. For example an analyst can't be aware of frictions between employees,
which might make certain working arrangements impossible. Generally speaking if a
constraint can't be descripted quantitatively or there exists no data on the subject, the
analyst doesn't have any way of finding out about the constraint by him-/herself. Here
the hands-on experience of the business translator would be helpful. Another example

would be a situation where an analytical model would recommend a certain change in



the production process, but to follow through the change new capabilities of the
employees would be necessary and their training and the time "lost" during the training

would more than offset the improvement gained.



4. Modelling of the decision

In business analytics a decision model is an abstraction that shows key variables and
relationships, and it is made to represent reality (Saxena & Srinivasan, 2013, 31).
Traditionally modelling has been seen as the analysts' line of work. As already
mentioned before, much of business analytics literature is focused on modelling and
modelling methods. Modelling requires mathematical and statistical skills, and also IT-
skills. In the modelling phase decision needs should be known, and the data should be
ready for use. Often data preprocessing is required before modelling but this chapter
will focus on the methods of modelling. Data mining and knowledge discovery from
data are often interchangeably used with modelling, and in essence they all mean
techniques used to create models (i.e. abstractions of reality) based on data which

represents reality.

The modelling phase can also be seen as a phase for generating models to produce
alternative courses of action. For structured problems (i.e. problems for which existing
and desired state are clearly identified and methods required fairly obvious)
alternatives can be generated with standard or special models. Complex problems in
turn require expertise of humans, brainstorming software or expert systems. Expert
systems are computer systems which apply logical reasoning to gain knowledge on a

specific domain like human experts. (Turban, Sharda & Delen, 2011, 60-62)

There are different models describing the knowledge discovery process of which the
CRISP-DM (CRoss-Industry Standard Process for Data Mining) is the most popular
(Cios, Pedrycz, Swiniarski & Kurgan, 2007, 12). Figure 2 shows the CRISP-DM model.
The first step, business understanding, focuses on understanding the goals from a
business perspective. The business understanding phase is the same as the decision
framing phase already presented. Data understanding phase is concerned with getting
to know the data, identifying data quality problems, making the first insights and
detecting interesting subsets. Data preparation covers all activities used to construct
the final data set including attribute selection, data cleaning, construction of new
attributes and transformation of the data. In the modelling phase various techniques
are selected and applied. Because some techniques set requirements for the data,

going back to data preparation is often necessary. In the evaluation phase one or more
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models generated, is evaluated from the business perspective. The accuracy and other
statistical qualities of the models are evaluated already in the modelling phase. In the
evaluation phase a decision based on the analytics results should be made. The
evaluation phase is similar to the decision making phase which is presented later. In
the last phase the discovered knowledge must be organized and presented so that the
customer can use it. The deployment phase is similar to execution phase presented
later. (Cios et.al. 2007, 14; Chapman, Clinton, Kerber, Khabaza, Reinartz, Shearer &
Wirth, 2000, 10-11) The CRISP-DM-model is supplementary to the model used to

create the general structure of this paper.

Business Data
Understanding Understanding

Data
Preparation

Evaluation

Figure 2: CRISP-DM (crisp-dm.eu)

Modelling methods can be roughly divided as visualization, correlation, clustering,
regression, forecasting, classification, and optimization (Runkler, 2012). Visualization,
correlation and clustering can be called descriptive methods since they deal only with

data that is already available. Regression, forecasting and classification are predictive
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methods since they are used to forecast future data and events. Optimization is a

prescriptive method since it offers a recommendation for action. (Wu, 2013b)

4.1 Descriptive methods

According to Wu (2013a) over 80% of business analytics used is descriptive analytics.
The purpose of descriptive analytics is to summarize what has happened. Descriptive
analytics means producing charts and simple figures relating to past events. Clustering
as a method is more advanced than visualization and correlation but is nevertheless

based on past events and data.

4.1.1 Visualization

Data in itself is very difficult for a human to analyze. Visualization techniques help
humans to analyze data. Data visualization aims to communicate data clearly through
graphical representation (Han, Kamber & Pei, 2012, 56). The standard technique for
visualization is plots, and for high-dimensional data projection methods are needed.

There are linear and nonlinear projection methods. (Runkler, 2012, 35)

Boxplots are a simple way to represent distribution. It includes quartiles, median,
minimum and maximum. Also distributions between different units can easily be
compared. (Han et.al. 2012, 49) Boxplot is the simplest example of a trellis display
which are used to compare different units (Theus, 2008, 157). In figure 3 the red line
is the median, the blue box interquartile range and its edges are the quartiles. The two
lines outside the box are called whiskers and they are the minimum and the maximum.
In figure 3 distribution comparison is done between the countries of origin. Histograms
are also popular ways to represent the distribution. If the given variable is nominal then
for every given value there exists a bar, and if the variable is numeric then every bar
represents a subrange. The first should be called column chart and the latter
histogram. (Han et.al. 2012, 54) There also exists many other types of charts e.g. pie
charts, line charts and scatter plots. Scatter plots are reviewed later in the correlation

chapter.
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Figure 3: An example Boxplot (mathworks.com)

Principal component analysis (PCA) is a linear projection method also known as
Karhunen-Loeve transform and eigenvector projection. The idea of the PCA is to "find
a linear projection of the data that optimally matches the data structure in the well-
defined sense of accounting for the maximum amount of variance that can be captured
in the lower dimensional representations of the data”. (Runkler, 2012, 37) This means
that the objective is to reduce the number of variables (dimensions) without reducing
the variance. The PCA first normalizes the data. Then PCA computes orthonormal
vectors that provide a basis for the normalized input data. These vectors are called
principal components. Then the principal components are sorted in order of decreasing
significance what is measured in eigenvalues. The principal components serve as new
axes for the data. Then the dimensionality can be reduced by removing the less
significant components. (Han et.al. 2012, 102-103) PCA produces a projection with the
largest variance and the lowest quadratic transformation error. PCA is mainly used in
high-dimensional data when the number of variables must be reduced. Then the data
can considerably easier be represented visually. This can also be seen in figure 4.

Factor analysis is quite similar to PCA, but the big difference here is that factor analysis



13

should be used when the goal is to discover underlying factors of the data, and PCA
when the number of variables should be reduced (minitab.com). Non-linear projection
methods (multidimensional scaling, Sammom mapping, auto-associator etc.) are
required for complex non-linear structures that can't be projected with linear methods

(Runkler, 2012, 41). They are not reviewed here.
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Figure 4: The effect of PCA (nlpca.org)

4.1.2 Correlation

Correlation quantifies the relationship between variables. Also covariance measures
the relationship between two variables, but as correlation is standardized, covariance
isn't (columbia.edu). The regular correlation coefficient, called Pearson correlation
coefficient, can be measured by dividing the covariance by the product of the standard
deviations of both variables. There are linear and non-linear correlation methods. It is
important to remember that correlation doesn't imply causality so some results of a
correlation analysis may be spurious. However if the underlying relations are known,
spurious correlations can be countered with partial correlation methods. (Runkler 2012,
55-57) Partial correlation means correlation of two variables while controlling the effect
of one or more additional variables (statisticssolutions.com, b). Correlation may be due
randomness, one variable affecting the other or a third variable affecting both. Also
correlation does not distinguish whether x affects y or y affects x (Runkler, 2012, 57).
For example a correlation between being an engineering students and mathematical
skills does not tell whether they study engineering because they are skilled in math or

they are skilled in math because they study engineering. When a third variable affects
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both variables, the correlation is spurious.

Correlation can easily be observed with a scatter plot. While constructing a scatter plot
each pair of values is treated as a pair of coordinates. If one variable implies the other
there exists correlation. Correlation can be positive or negative. (Han et.al. 2012, 54)
Scatter plot assesses only relationship between two variables but relationships
between multiple variables can be observed with a scatter plot matrix. Figure 5 shows
an example of a scatter plot matrix. There is clear positive correlation between girth
and volume. Height seems to be also positively correlated with the other variables but

this can't be confirmed with the scatter plot alone.
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Figure 5: Scatter plot matrix (learningomics.wordpress.com)
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Correlation methods just presented assume linear dependencies. Non-linear
correlation can be measured with the chi-square test for independence. Chi-square

test for independence is used for two categorical variables (stattrek.com).

4.1.3 Cluster analysis

The objective of cluster analysis is to assign labels to objects in unlabeled data. In
other words the data is partitioned into subsets which are called clusters and the
partitioning is called clustering. The objects in the same cluster should have high
similarity with each other and have high dissimilarity to objects of the other clusters.
(Han et.al. 2012, 443-444) When there are physical classes in the data, the clusters
don't necessarily correspond to the physical classes (Runkler, 2012, 103) There are
many types of clustering methods; partitioning, hierarchical, density-based an grid-
based methods. Different methods may generate different subsets based on the same
data. Clustering is often used for outlier detection, since outliers (objects that don't
belong to any cluster) are sometimes especially interesting. (Han et.al. 2012, 443-444)
For example when a production quality is a target for improvement inoperative
products are the main point of interest. Clustering is unsupervised learning. This means
that only input data is given for the model construction and no output (Brownlee,
2016b).

Similarity of objects can be measured in many ways. Similarity of nominal variables
can be measured by the ratio of matches to total number of variables. Similarity/
dissimilarity of binary variables can be measured with different coefficients which can
be derived with the help of a contingency table. Figure 6 shows an example of
contingency table for binary variables. For example Jaccard coefficient, which is useful
in asymmetric cases (positives are more interesting than negatives), can be measured
as: sim(i,j)=q /(q+r+s). (Han et.al. 2012, 69-71)
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object j
1 0 sum
| q r q-—+r
object i 0 s t s+t
sum qg+s r+t P

Figure 6: Contingency table of binary variables (sites.google.com)

For numeric variables distance measures are used. Euclidean, Manhattan (city block),
Minkowski and supremum distance are common distance measures. Distance
measures are of course dissimilarity measures. Also weighting can be used on the
distance measures. Similarity of ordinal objects can be measured by giving each object
a value based on their rank and then normalizing these values (setting the values
between 0,0 and 1,0). Then the distance measures used with numeric attributes can

be applied on these values. (Han et.al. 2012, 72-74)

There are numerous requirements for clustering methods. Clustering algorithms
should be functional on large databases so that no sample taking is required. Sample
taking may lead to bias, but even if the algorithm can't handle the whole data a larger
sample means lower sampling error. Clustering method should be able to handle
different types of data, e.g. clustering based on nominal and numeric variables.
Clusters are often of arbitrary shape, but some methods recognize only spherical
shapes. (Han et.al. 2012, 446) Figure 7 represents an example of arbitrarily shaped
clusters. The red cluster is of spherical shape and would be recognized by all clustering

methods, but the blue cluster wouldn't be recognized by some methods.

Many clustering algorithms require domain knowledge of the users since they require
input parameters. Clustering may then become sensitive to these parameters.
Clustering methods should be robust to noise since most real-life data sets contain
outliers and missing, unknown and erroneous data. Clustering methods should be
capable to make an incremental clustering. This means that when the data receives

incremental updates (i.e. new data) then the clustering algorithm can update the



17

existing clusters and doesn't need to create new clusters to incorporate the new data.
(Han et.al. 2012, 446-447) Sometimes clustering algorithms are sensitive to the input
order of the data which leads to biased clustering. Clustering algorithms should be able
to handle high-dimensional data with many variables, since some data sets can have
hundreds or even thousands of variables. (home.deib.polimi.it) Most needs based on
real life set some constraints, and clustering algorithms should be able to perform the
clustering under these constraints. In practice clustering results should also be
comprehensible and usable. (Han et.al. 2012, 446-447) These requirements are

evaluated on the presented methods.
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Figure 7: Arbitrarily shaped clusters (wikiwand.com)

The simplest clustering method is the partitioning method. The number of clusters must
be given as a parameter. Then the clusters are formed by minimizing the selected
distance metric of each cluster to maximize the similarity of the objects in the cluster.

(Han et.al. 2012, 451) As an example technique k-means is presented here.

First k-means selects randomly k amount of objects in the data which are the initial
cluster centers (Han et.al. 2012, 452-454). Then the other objects are assigned to the

cluster with which it is the most similar, i.e. its Euclidean distance is the smallest. Then
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based on these clusters, cluster means are calculated. These cluster means are the
new cluster centers and again all the other objects are assigned to the cluster with
which they are most similar. (Trevino, 2016) The last two steps are repeated until the
clustering doesn't change. The result of the k-means algorithm is sometimes
dependent on the initial random selection, and to reach a more reliable clustering k-
means should be repeated many times with different initial centers. Other
disadvantages of k-means are that k is required as a parameter and the computational
complexity which makes k-means unscalable. Also mean can't be determined on all
variables but this can be countered by using the k-modes variation. (Han et.al. 2012,
452-454)

Hierarchical methods are based on hierarchical trees of clusters. There are
agglomerative and divisive trees, where agglomerative tree uses a bottom-up strategy
and divisive top-down strategy. AGNES (AGglomerative NESting) is an example of
agglomerative methods and DIANA (Divisive ANAlysis) of divisive methods. The
biggest challenge of hierarchical methods is to determine the split points of the clusters.
(Han et.al. 2012, 457-459) Advantage of the hierarchical methods is that they are easily
comprehensible. Figure 8 shows an example plot of hierarchical clustering. Such a plot
is called dendrogram. The dendrogram can be cut at some point to receive a clustering.

For example if figure 8 is cut at distance 15000 there will be four clusters.

The problem presented in figure 7 is a problem for partitioning and hierarchical
methods. They have difficulties finding clusters of arbitrary shape. Density-based
methods are able to detect such clusters because they model clusters as dense
regions in the data space. (Han et.al. 2012, 471) As an example method DBSCAN

(Density-Based Spatial Clustering of Applications with Noise) is presented here.
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Figure 8: Example of hierarchical clustering (solver.com)

Density of a region can be measured by the number of objects close to a core object.
The radius of the neighborhood (Eps) must be determined by the user as a parameter.
Another user-specified parameter is MinPts which determines the minimum quantity of
points for the point to be dense, i.e. MinPts is the density threshold. (Han et.al. 2012,
471-472) Directly density-reachable means that the object in question is within the
neighborhood radius. Density-reachable means that there exists a chain of objects (p1,
p2, p3) so that when p1 is the core object, p2 is directly density-reachable from p1 and
p3 is directly density-reachable from p2, then p3 is density-reachable from p1 if it exists
outside the radius of p1. (Ester, Kriegel, Sander & Xu 1996) Density reachability is
visualized in figure 9 which also shows the case of density-connected where the
connected point doesn't have to be directly density-reachable. This also means that
density-connectedness is symmetrical (if p3 is density-connected to p1 then p1 is

density-connected to p3) while density reachability is asymmetrical.
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Figure 9: Directly density-reachable etc. (researchgate.net)

DBSCAN works as follows. First of objects are marked as unvisited or unclassified
(Ester et.al. 1996). Then an unvisited object (p) is randomly selected and then it is
checked if the neighborhood of the object contains at least MinPts objects. If not p is
marked as noise. Otherwise, a new cluster C is created for p and all the objects in the
neighborhood are added to the cluster. Those objects that do not belong to any other
cluster are added to C. Then the neighborhoods of the objects in C are checked and if
they have at least MinPts objects they are added to C. C is expanded as long as
possible. All the points in C are marked as visited. Because objects are added based
on density-connectivity (which is symmetrical) all points in a cluster are density-
connected. DBSCAN then selects randomly an unvisited location to find the next

cluster. When all objects are visited, the clustering is complete. (Han et.al. 2012, 473)

Ester et.al. (1996) suggest that MinPts should be 4 for all 2-dimensional databases.
They also suggest using 4-dist graph to determine Eps parameter. For 4-dist graph an
estimation of the percentage of noise should be given so that the system derives a

proposal for the threshold point. The threshold point is the Eps for DBSCAN.
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4.2 Predictive methods

The purpose of predictive analytics is to forecast what might happen in the future. It is
impossible to know for sure what will happen in the future, and it is so for analytics too.
The essence of predictive models is to use existing data to build a model, which can
be used to predict data that doesn't yet exist. Predictive models don't necessarily
predict future data but they can also be used to predict data on the present which
doesn't exist. (Wu, 2013c)

4.2.1 Regression

Regression means estimation of relationships between variables. There is always only
one dependent variable. In the simplest case of regression there is only one

independent variable and the relationship is linear. The general form of such case is
Yi=a+ BXi+u i=1,2,...,n

where Y is the dependent and X the independent variable. a is the intercept term and
B is the slope of Xi. a and B are parameters which both are estimated from the data. ui
is the error term which represents the estimation error of the model. The error term is
also known as residual. (Baltagi, 2011, 49-50) Such a linear dependency can be seen

through correlation and can be observed in a scatterplot, for example in figure 5.

The regular method for regression is the least squares estimation. The objective is to
minimize the sum of the residuals, which can be presented mathematically as (4-5):
4-3) Y =a+bX,

(4-4) e =Y, -Y, =Y -a-bX,

4-5) 2{ - g{r -7y - 2(}: _a-bx,)

There are some assumptions made on the ordinary least squares method. First the
residuals must have zero mean (E(ui)=0). This assumption guarantees that the model

is on average correct. Second, residuals must have a constant variance (var(ui)=0"2)
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so that every observation is equally reliable. (Baltagi, 2011, 51-52) This assumption is
known as homoscedasticity (statisticssolutions.com, a). Third, residuals must not be
correlated (corr(ui, uj)=0, when i#j). Fourth, the explanatory/independent variable must
be non-stochastic. This means that X is fixed in repeated samples and it isn't correlated

with residuals.

4.2.2 Forecasting

There are countless models used to forecast the future and these models have many
versions. Stationarity is an important assumption on time series. It means that the
properties of the series do not depend on the time when it is observed (Hyndman &
Athanasopoulos). This means that for example mean and variance of the time series
stay the same over time. First ARIMA (AutoRegressive Integrated Moving Average)
model is presented, then ARCH (AutoRegressive Conditional Heteroskedastic) model
and lastly its generalized version GARCH. Autoregressive model is a model which
predicts future values of a variable based on past values of that variable (Hyndman &
Athanasopoulos). The following equation shows the general form of an autoregressive

model:

yt=c+p1yt—1+p2yt-2+...+Ppyt—p+et

The ARIMA model is used because random walks, which are typical for many time
series, are non-stationary and these time series can and must be transformed to
stationary series by first order differencing. A time series (xt) follows an ARIMA process
if the d:th differences of the time (xt) series are an ARMA process. A time series (xt)

follows an ARMA process when,
Xt = A1Xt—1+02xt-2+. . .+opxt—-p+wit+B1 wt—1+B2wt-2+. . .+Bqwt-q (1)

where wt is white noise. (Cowpertwait & Metcalfe, 2009, 127, 139-140) From the
equation 1 can be recognized that the time series following ARMA process can be
determined with historical values of xt and white noise (wt) once the parameters have
been determined. It should also be noted that the maximum lag on xt and wt aren't
necessarily the same since p is the number of autoregressive terms and q the number

of moving average terms. A Process must also be stationary to be an ARMA process.



23

(Cowpertwait & Metcalfe, 2009, 137)

In some time series the variance is serially correlated (i.e. conditionally
heteroskedastic) which means that there exists periods of higher or lower variance.
This is common in financial time series. Also such changes cause the series to be non-
stationary. ARCH model is used to account for conditional heteroscedasticity. A series

is first order autoregressive conditional heteroskedastic (ARCH(1)) if

Et - Wt\/ ao + aleg_l

This leads to stationarity, since Var(e,) = E(€?)

Var(e:) = ag + a Var(ei-1)) (Cowpertwait & Metcalfe, 2009, 147-148)

In practice, Generalized ARCH (GARCH) is the most used model. In GARCH the

conditional variance is also a linear function of its own lags (Terasvirta, 2009, 19). Now

the ARCH(p) condition is in form €, = wt\/ao +20 L a, + el

(Cowpertwait & Metcalfe, 2009, 148-149) There are numerous different GARCH
models but according to Terasvirta (2009, 20) the GARCH(1,1) is the overwhelmingly

most popular, where p=qg=1.

4.2.3 Classification

Unlike cluster analysis, classification is supervised learning since it assigns objects to
pre-given classes (Runkler, 2012, 85). The model that performs classification is called
classifier. As classifier predicts nominal attributes, regression forecasts numerical
values. Classification in general starts with a training phase where classification
algorithm builds a classifier based on a training set. The classifier is then evaluated
based on test set. Training and test set originate from the same data set, but contain
different objects. (Han et.al. 2012, 328-330) Testing is done to avoid overfitting, which
means that the classifier learns noise and random fluctuations of the training set as
data patterns (Brownlee, 2016a). The accuracy of a classifier is evaluated based on
the percentage of test set objects correctly classified. If the accuracy is of acceptable
quality, the classifier can be used on future data. (Han et.al. 2012, 330) There are
several classification methods of which here are presented decision tree, rule-based

classification, Bayes classification and support vector machines (SVM). Feature
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selection is also important in classification, because irrelevant variables harm the
accuracy of the classifier and add to computational complexity. Three primary methods
for feature selection are filter, wrapper and embedded methods. (Aggarwal, 2015, 288)

Feature selection methods won't be reviewed here.

In classification tree classification, the classification process is modelled in a set of
hierarchical decisions in a tree-like structure (Aggarwal 2015, 293). Figure 10 presents
an example of a classification tree. Each internal node represents a test of an attribute
and the leaf nodes present the classes (Han et.al. 2012, 330). The splitting criteria
(internal nodes) depend on the underlying attributes. Aggarwal (2015, 295-296) notes
that for binary variables there is only one possible split. For categorical variables there
can be separate classes for every value of the variable or these categories can be
grouped to reduce the number of possible classes. Numeric attributes can perform the
splitting in binary way (over-under splitting) or split the data into different ranges. Then
variables can be compared based on information gain, gain ratio and Gini index (Han
et.al. 2012, 336).

Classification tree must often be pruned to avoid overfitting. There are two methods of
pruning. Pre-pruning stops the splitting of the tree when the number of objects of a leaf
or their proportion of all the objects is below some minimum value. Post-pruning is
performed after the tree is complete. (Gorunescu, 2011, 180-181) In post-pruning the
"branches" are replaced with leaf nodes with the most frequent label of their subtree
(Han et.al. 2012, 344).
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age
young senior
middle-
aged
Student? yes Credit_rating?

no / \yes fair / \excellent
no yes no yes

Figure 10: Classification tree (tutorialspoint.com, a)

Rule-based classification is quite similar to classification tree. A rule is typically in the
form "if-then" For example: If "middle-aged" then "yes". Rules can be extracted from
classification tree. (Aggarwal, 2015, 298,300) If-conditions can also combined (If
"young" and "student" then "yes") (Han et.al. 2012, 355) It should be noted that there
are only two outcomes per condition (condition fulfilled, not fulfilled), but with many
conditions of different levels there can exist many classes. The strength of rule-based

classification is its easy comprehensibility.

Bayes classifier is a statistical classifier. It predicts class membership based on Bayes'
theorem (Aggarwal, 2015, 306). For classification purposes the posterior probability
P(H|X) i.e. the probability of H when Xis given. X is called evidence in Bayesian terms.

The posterior probability can be estimated with the Bayes' theorem: P(H | X) =

% where P(H) is the prior probability of H. The naive bayesian classifier predicts
the probability that the tuple (i.e. object) belongs to the class having the highest
posterior probability given X. (Han et.al. 2012, 350-351) This means that the Bayesian
classifier predicts that an object belongs to a class only if its posterior probability is the

highest for that class. The maximum posteriori hypothesis can be presented as P(C; |

P(X|Ci)P(Ci)(

X)= P(X)

Han et.al. 2012, 351). The Bayesian model is called naive because of

the assumption of conditional independence (i.e. there exists no relationships between

variables). This assumption is made to make the computation of posterior probabilities
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simpler. Such a condition doesn't obviously hold in practice, since variables are almost
always correlated. Despite this condition Bayesian classifier has been found to be
comparable in performance with decision trees and selected neural networks. (Han
et.al. 2012, 350-352; Aggarwal, 2015, 310)

Support vector machines (SVMs) use separating hyperplanes to separate different
classes. The objective in SVM method is to maximize the margin between the two
classes. (Aggarwal, 2015, 313) SVMs can be used on linear and nonlinear data. Linear
separation is simple. Nonlinear classification on the other hand is done by transforming
the data into a higher dimension with the use of nonlinear mapping. Classes can
always be separated by a hyperplane as long as the dimensional level is sufficiently
high. (Han et.al. 2012, 408)
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Figure 11: Linear SVM (docs.opencv.org)

Figure 11 presents the simplest case of SVM; linear case. The optimal hyperplane is
called maximum marginal hyperplane since it maximizes the margin. Margin is
maximized because the classification is more accurate when the margin is greater.
(Han et.al. 2012, 409) The points on the parallel hyperplanes (the dashed lines) are
called support vectors, and the optimal hyperplane is precisely between these parallel
hyperplanes. The distance between these two hyperplanes is the margin. (Aggarwal,
2015, 314)

It is rare that the data is linearly separable. Adding more dimensions can be used to
turn data linearly separable, but this is computationally costly. This may also lead to

overfitting. The kernel trick can be used to solve this problem. The kernel trick is based
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on the observation that "SVM formulation can be fully solved in terms of dot products
(or similarities) between pairs of data points". The actual transformed values of the
variables aren't needed. (Aggarwal, 2015, 323) The kernel function can be presented
as K(X;,X;) = @(X;) * (X;), where ®(X) is the nonlinear mapping function applied to
transform the training data (Han et.al. 2012, 414). By using kernel trick all computations
are performed in the original space, but the actual transformed values aren't calculated.
Kernel function represents the similarity of the objects in question. (Aggarwal, 2015,
323) The three types of Kernel functions are "polynomial kernel of degree h", "gaussian
radial basis function kernel" and "sigmoid kernel". According to Han et.al. (2012, 415)
the kernel chosen doesn't make a large difference in practice, because SVM training

always finds a global solution.

4.3 Prescriptive methods

According to Wu (2013b) prescriptive analytics is also predictive, because it makes
predictions based on every possible input action to make a recommendation on the
best course of action. A predictive model must have two added components to be
prescriptive. First the recommendations should be actionable and second there should
exist a feedback system so that model can learn from the feedback data the real effects
of the actions. As a classical example of modelling which leads to recommended

actions, optimization is presented here.

Optimization in general language means making something optimal i.e. best possible.
Practically speaking this means maximizing positive things (e.g. profit, revenue) or
minimizing negative things (e.g. costs, time spent). The problem is influenced by input
variables. The input variables should be recognized beforehand. If the objective
function (i.e. the function that is maximized/minimized, relationship of the variables)
isn't already known is can be recognized through an experiment or a simulation. For
optimization problems there exists always constraints on the input variable (e.g. the
ranges of the variables). Design of experiments (DOE) is used with response surface
modelling (RSM) to get the maximum amount of information using minimum amount of
resources i.e. samples. Robust design analysis (RDA) is used to evaluate the

robustness of the solution to noise. The most common optimization algorithm types are
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deterministic and stochastic optimization. (Cavazutti, 2013, 2-8)

Deterministic optimization relies on linear algebra. There are two types of deterministic
optimization; unconstrained and constrained optimization. For unconstrained
optimization an approximation of the generic objective function is needed. The
approximation can be made using a Taylor series expansion. (Cavazutti, 2013, 77-79)
Taylor series expansion is based on Taylor's theorem, which states that any function
satisfying certain conditions can be expressed as a Taylor series. A one-dimensional

Taylor series of f(x) at point x=a is given by:
fl)=

" {3) ]
fla)+ f [a}l[x—a}l+f (@) I:.'f—a}lz+“ir (@) If.!f—c;.r}l:l+...+“ir (@)
2! I nl

(Weisstein) Approximation of a function can be made using terms of Taylor series up

(x=a) +....

to a certain point. For example a Taylor series expansion up to the second order would

include all the terms up to % (x — a)?2. Such an approximation can be made because

the earlier terms capture more of the actual function than the later terms. Newton's
method can be used to optimize such a problem (Cavazutti, 2013, 85). The objective
function is then the Taylor series up to the second order term. The second derivative
of the function (f "(x) is needed because the point where the first derivative is zero (f
'(x)=0) is the minimum/maximum. Then the variable is chosen so that it

maximizes/minimizes the objective function.

More typical optimization problem is constrained optimization. There the group of
feasible points is reduced by some constraints (e.g. x =2 0 when x can't be negative)
(Bertsekas, 1996, 66). A typical way to solve constrained optimization problem is the
Lagrangian method. The Lagrangian formula can be expressed in general form as: L =
(x,y, ) = f(x,y) — A(g(x,y) — c)where f(x,y) is the objective function and g(x,y)-c=0
the constraint function. Partial derivatives can be determined for all variables from the
equation, and these equations provide the system needed to solve for x and v.
However when there exists multiple constraints, other methods are needed. The
Simplex method of linear programming can be used when the objective function and
the constraints are all linear. If all functions are generic, non-linear and smooth
functions, the problem can be solved with non-linear programming. Non-smooth
optimization is required when the objective function is non-smooth. (Cavazutti, 2013,
91)
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Stochastic optimization takes into account randomness. Randomness usually is
incorporated through the cost function or the constraint set. (Hannah, 2014) Some
known stochastic methods are simulated annealing, game theory-based optimization,
evolutionary algorithms and genetic algorithms. As their names suggest many
stochastic methods are based on natural phenomena. Genetic algorithms are best
suited for multi-criteria decision making. The main steps of a genetic algorithm are: 1.
initialize a population of m individuals and evaluate the fitness function for each, 2. at
generation n, create m offsprings by selecting a pair of parents, applying the cross-
over operator with probability pc giving birth to two children and applying the mutation
operator. (Cavazutti, 2013, 121-122, 129) Mutation is random change of small
probabililty in chromosome (or attributes) of the individual (tutorialspoint.com, b) 3. The
new generation replaces the old one and their fithess is evaluated. Steps 2 and 3 are

repeated until the termination criteria are met. (Cavazutti, 2013, 122)

Fitness
Value
A 8.2
3.2
1.4
1.2
4.2
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Figure 12: Roulette wheel selection (tutorialspoint.com, c)

Parent selection is random, but the probability of being selected is not the same for
each individual. In fithess proportionate selection the probability in parent selection is
proportional to the fitness of the individual. Figure 11 shows the roulette wheel selection
in which the share of the wheel is proportionate to the fitness value.
(Tutorialspoint.com, c) It is easy to see, why an optimization algorithm which takes into
account randomness, can be useful in real life applications. Image segmentation,
facility layout optimization and rule extraction for bankruptcy prediction are but a few
of possible real life applications of genetic algorithms (Jedlicka & Ryba, 2016; Ibrahim,



2012; Kyung-Shik & Yong-Joo, 2002).

30



31

5. Making of the decision

Decision making is the task of the business executives. There is always more than one
option to choose from when making decisions, and often some options aren't visible
and sometimes there is an infinite amount of options available i.e. in optimization
problems. Managers have traditionally made decisions based on their own judgement
but decision making based on rational analysis is preferred to gut feeling since it's often
hard for managers to justify their judgement on others and analytics produces the best
results with considerably higher probability when done correctly. That said there is
always uncertainty associated with decision making, but this uncertainty can be greatly

reduced by applying of analytics.

There are three phases in the decision making process and a one pre-phase. The pre-
phase is about integrating the deliverables of the model (e.g. findings, options,
recommendations) with the business context. (Saxena & Srinivasan 2013, 70) In other
words the pre-phase focuses on translating modelling results into actionable business
decisions. The possible effect of the integration on the business context should be
reviewed, so that the decision makers know the full extent of the possible effects of the
decision at hand. If the decision is significant it may be rejected in the decision making
process, and in this case the business translator should consider both states. Also the
decision pathway should be chosen based on the urgency, importance, scale and the

scope of the decision. (Saxena & Srinivasan 2013, 70-71)

The first phase of the decision making process is framing of the decision in business
context. Saxena & Srinivasan (2013, 72) emphasize that the business translator should
present the assessment of feasibility and immediate and long-term effects of the
actions available and their alignment with the business strategy. What-if and goal-
seeking analyses can be helpful tools when different choices and their effects are
compared (Turban et. al. 2011, 62) Also external business trends should be presented.
In this phase the decision model used is described so that the managers understand
how the recommendation was reached. The findings, assumptions and the criteria of
the model should all be presented. (Saxena & Srinivasan, 2013, 72)
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The second phase is debate. When important decisions are made, there should exist
differing opinions. If not, this may be due to groupthink which means the desire for
conformity which leads to irrational decision making outcomes (Janis, 1971). In this
phase debate should be stimulated by taking roles of different stakeholders. Their
assumptions, doubts and objections should be considered. Also external experts can
be used to challenge the decision makers. The effect of authority should be neutralized
to promote open discussion. Business translator should help the decision makers to
frame their interests to identify possible trade-offs which can facilitate the negotiations.
(Saxena & Srinivasan, 2013, 72) The so called BOCR (benefits, opportunities, costs,
risks) merits are considered (Saaty & Vargas, 2013, 12-13). Sometimes win-win
situations can also be reached. The final phase of the decision making process is the
decision. The decision shouldn't be made too early nor too late. If it's made too early
the debate isn't yet finished and if the decision is postponed the positions may harden
and a compromise may become impossible. Before the final decision the two foregoing
phases should be reviewed, so that everyone is aware of the frame of the decision and

the discussion sparked by it. (Saxena & Srinivasan, 2013, 72-73)

Decision making has many problems because decisions are made by humans. For
example emotions affect our risk perception, humans are prone to avoid risk as
opposed to making a gain and humans select and remember information that supports
our bias. Also humans consistently overestimate their ability to make the right decisions
and remember the facts, and counter-intuitive recommendations are easily
disregarded. (Saxena & Srinivasan, 2013, 74-75) Humans are limited by bounded
rationality. Bounded rationality means that all decision makers face three constraints.
First, information available is limited and often unreliable, second, human mind has
only limited capacity to evaluate and process information and lastly there exists always

time constraints. (Simon, 1957)

There are many ways to avoid these biases from the decision making. A data driven
decision culture is a way to reduce irrationality in decision making. (Saxena &

Srinivasan, 2013, 76) One approach to a data driven decision culture is evidence-
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based management in which the starting point is that decisions should be based on
critical thinking and the best available evidence (cebma.org). Decisions models should
be reviewed with the help of people outside the organization. Also diversity (education,
work experience, etc.) of the team members helps to counter groupthink and bounded
rationality. The presentations to the executives as well as the decision making process
should be based on some guidelines so that the best practices are used. A learning-
by-doing culture is highly effective when executing analytical recommendations
because this produces objective data which can then be used to wash out subjective

thinking and biases. (Saxena & Srinivasan, 2013, 77)

The role of a business translator is critical in the decision making phase. A business
translator should be involved in every phase of the decision making process. A
business translator integrates the model with the business context and then presents
the model and the decision to the decision makers. Then he or she will support the
discussion. Lastly a business translator initiates the decision making and presents a
summary of the frame and discussion regarding the decision before the final decision.
Business translator should address many problems during the process but the
challenge here is that he or she can't affect all meaningful things. For example a
business translator can't select the decision makers which may lead to groupthink. If
the decision makers have a certain status in the organization (which managers have)
they may object big changes in the organization because they may be afraid of losing
their status and may view support for change as disloyalty for the current management.
Also some stakeholders may not be represented in the decision making team.
Business translator can't affect the culture of the organization which is instrumental for
the effectiveness of analytics. However even with limited authority a business
translator can do a lot to improve the usage of analytics during decision making
process. Also the business translator is the best person in the organization to advocate

for business analytics and the required organizational changes.
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6. Execution of the results

After a decision has been made, it will be executed. Of course sometimes it's decided
that no actions are to be taken. It's the role of the managers to execute their decisions.
However the analytics should support the management in this. Three activities are
required to implement the decision: align & enable, observe & report and communicate
& converse (Saxena & Srinivasan, 2013, 79). Borges, Pino & Valle (2003) suggest that
for each decision an implementation plan should be made with a process design tool.

There should then exist a workflow solution to make the plan into reality.

The first activity focuses on aligning the plans and goals, which have been set earlier,
with the new decision. Changes should be made in processes, workflows, training and
reporting. If processes must be changed, the change should be in co-operation with
the process owners. Optimization can be used when new workflows are determined.
Reporting must be aligned so that the effects of the decision can be tracked. (Saxena
& Srinivasan, 2013, 79-81)

Once the reporting capabilities have been aligned with the decision, actual actions and
results should be tracked against targets. Firstly deployment timelines should be
observed (e.g. “Has the process been changed as planned?”). Secondly adoption of
the decision should be observed i.e. behavior changes that drive value. Lastly
indicators of value can be observed (e.g. “have the costs decreased as planned?”)
(Saxena & Srinivasan, 2013, 81) Decision support systems are beneficial here due to
vividness and detail of analyses and reports (Turban et.al. 2011, 62) Also bottlenecks
should be considered i.e. "Has the change created new bottlenecks?" In addition to
regular reports an early-warning system should be established so that the problems
can be recognized early on and solved, or when the problems are serious the decision

can be cancelled. (Saxena & Srinivasan, 2013, 81)

During the execution there should exist communication so that the members of the
organization know the reasons for change. Also feedback from them should be taken
to realize whether the decision is leading to desired outcomes. (Saxena & Srinivasan,
2013, 82) In communication, group support and knowledge management system can

be useful (Turban et.al. 2011, 62). The communication to employees should be made
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in the context of their needs and motivations. They should know how the project is
interesting, meaningful and relevant. (Saxena & Srinivasan, 2013, 82) When following

an implementation plan there should exist a discussion forum (Borges et.al. 2003).

Dong (2011) recognizes two dimensions of decision execution mechanisms; vertical
advocacy and horizontal coordination. Vertical advocacy represents the effort to infuse
the desired change into business operations. This effort is from the top management
to the line employees. Horizontal coordination represents the collective efforts of
different departments to integrate their knowledge to realize the desired outcome, e.g.
in customer relationship management (CRM) business and IT managers seek to
integrate IT-systems into CRM to optimize it. Dong (2011) discovered that both of these
mechanisms have strong influence in all post-adoption stages of CRM diffusion (i.e.
CRM use, process performance and firm performance).  So far most of interest in
decision execution has been on the vertical advocacy and horizontal coordination
should be given more thought. This could be probably solved as simply as noting the

relevant executives of the need for horizontal coordination.

The role of a business translator is very limited in execution phase. A lot of execution
is communication which is done by specific teams. The reporting capabilities are built
by the IT-department and the reports are made for managers. Business translators
can help in building of the plans for decision execution and they can highlight potential
problems. A business translator is aware of the meaningful figures of the project and
can therefore specify the reporting requirements. Business translator should see
through that horizontal coordination is reached by managers in question. However it
can be said that the main duties of a business translator have been fulfilled once the

decision is made.
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7. Summary

This paper reviewed literature on business analytics from the perspective of decision
making. First it was highlighted that there is a growing interest on business analytics
but it was also highlighted that there is a growing need for professionals who can serve

as a link between analysts and business executives.

The research question was "What should such a professional (i.e. business translator)
do, to enhance and support the analytical decision making?" The research question
was inspired by the fact that so far there doesn't exist such a profession, but the
activities are performed by different people if done at all. The phases of analytical
decision making process were recognized and it was discovered that the main
responsibilities of a business translator are on the framing and decision making
phases. The business knowledge of a business translator is instrumental when the
decision is framed. Also the combination of business knowledge and analytical skills is
instrumental while interpreting the results of the analysts and explaining and presenting

them to the executives.

When the main responsibilities of a business translator are on two phases, a business
translator can however help also on the modelling and execution phases. Especially
when the amount of analytical capabilities of a company is limited, the help of a
business translator is required also on the modelling phase. A business translator won't
be able to perform so sophisticated analyses as a specialized data scientist but is
nevertheless capable of making models. On the execution phase a business translator
should consider the specialties of analytical decision making and see through that they
are considered. Overall a business translator is the best spokesperson in the
organization for business analytics, since he/she is the expert on practical applications

of analytics and the managers are interested in the value that analytics can produce.

The responsibilities of a business translator can be summarized as: 1. support decision
framing by giving business input which makes modelling more effective. 2. Translate
the results of the model into actionable business decisions, and explain and
communicate the decisions to the executives. 3. Build models with data analysts. 4.

Promote and support analytical decision making in the organization.
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In the future when a profession of a business translator or a similar occupation
emerges, the activities of that profession should be observed. It is impossible to know
what kind of role such a person does have since it evolves based on the needs of the
companies and capabilities available. It may be possible (however unlikely) that the
amount of data scientists grows greatly and they have all the skills described in the
introduction, and then there is no need for business translators. It is more likely that
the amount of data scientists grows but also the profession of a business translator
emerges, since the modern requirements for data scientists are so demanding and at
the same time the demand for analytical professionals is growing. Also MGI (2016)
estimated that there will be a demand for two to four million business translators in the
United States alone over the next decade. So in the future it should be observed if the
profession of a business translator emerges and will the responsibilities of that future

profession respond to the responsibilities described in this paper.
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