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Abstract. The study shows our findings regarding the initialization and
implementation of data science projects in existed business processes.
The index readiness for intelligence or IR4I is proposed as an indicator
of understanding about the readiness of your business processes for data
science solutions. The index is based on the min-min convolution of var-
ious indicators: (i) business processes maturity indicators, (ii) indicators
of the level of automatization and digitalisation of business processes, (iii)
extract - transform - load (ETL) processes maturity indicators, (iv) data
science infrastructure and technological stacks maturity. A new method
of the IR4I index calculation is provided and its contains of six steps.
Use case is based on real world task related to daily electric energy con-
sumption forecasting for daily demand ordering. This example shows
the application of proposed method and possibilities for improvement of
business processes towards its intelligence and efficiency.

Keywords: Data science projects - Business process analysis + Energy
management

1 Introduction

Nowadays, the design of systems based on artificial intelligence, machine learn-
ing and a large amount of data processing is the hot topic for academic and
practical society. The new class of system based on data-driven approaches is
widely discussed [2,15,19]. This tendency is connected with the law of technical
systems development, in particular, with the shift of human intervention to a
higher or superior level. It is also known as a supervisory control [21]. At the
same time, the areas of implementation of technologies based on intelligent data
processing are primarily focused on well-described business processes. Neverthe-
less, these well-studied processes involve a human as an executor or as a decision
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maker. The accumulation of data regarding various situations or creating train-
ing sets in terms of machine learning allows us to talk about the possibility of
replacing a human with a machine not only for routine operations implementa-
tion but for making decisions as well. In a case of large amount of information
machines to work more precisely and without experts biases [11]. In addition,
data mining allows detecting hidden insights in data that are useful for business
or to implement predictive analytics for making preventive or proactive deci-
sions. The second option is based on the pattern ’detect-forecast-decide-act’ of
proactive computing approach [5]. In this case, it is assumed that some adequate
probabilistic model of the processes exists. The deployment of components for
predictive analytics into existing business intelligent solutions is associated with
high expectations of significant performance increasing. It may be a trap for
decision makers on the high level as they expect the increasing quality of the
functioning of enterprise business systems and get more profit.

There is a research question: how to evaluate the readiness of current business
processes or enterprise business system for its improvement from point of view
of data science? Hence, it is reasonable to define a certain indicator that allows
evaluating the degree of readiness of current business processes for development
of data science solutions. Also, the indicator should help to estimate the current
state of readiness and find the ways for processes improving.

The paper has a deal with new findings of an index of readiness of business
processes for data science solutions. The index is named IR4I which is stands for
Index of Readiness for intelligence. This IR4I is calculated based on four groups
indicators: (i) business processes maturity indicators, (ii) indicators of the level of
automatization and digitalisation of business processes, (iii) extract - transform
- load (ETL) processes maturity indicators, (iv) data science infrastructure and
technological stacks maturity.

2 An Index and a Method

2.1 General Idea

The method for evaluation the readiness of business processes for the implemen-
tation of data science solutions consists of six steps. As a result of methodology,
the value of index IR4I is calculated. Based on the index value, conclusions are
drawn regarding possible scenarios for business process improvement for success-
ful data science solution implementation. The index of readiness to intelligent
system deployment is calculated based on four groups indicators.

1. The first group includes indicators which assess the degree of business
processes formalisation. In other words, these indicators estimate the matu-
rity of business processes from the management point of view.

2. The second group contains on indicators for detecting the maturity level
of automatization and digitalisation of business processes. They show the
current state of enterprise business systems.
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3. Indicators in the third group estimate the maturity of extract - transform -
load (ETL) processes for certain enterprise business systems.

4. The last list of indicators evaluates the quality of existed data science
infrastructure and technological stacks maturity.

As a result, the IR4I is calculated based on indicators and min-min convolu-
tion operation. Figure 1 shows the scheme of proposed method.
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Fig. 1. A scheme for proposed method in BPMN notation. DS stands for data science,
and TS is technology stack

Note, each indicator for a group has one out of three values: —1 means cur-
rent state does not meet the requirements for data science solution development
and implementation, 0 means current state satisfy requirements partially and
1 says about full satisfaction of requirements. This simplify way of calculation
is considered as initial and can be improved using advanced techniques such as
fuzzy cognitive maps [8,13].

2.2 Step 1. Evaluation of Business Processes Maturity

Before calculating of indicators, the business processes formalisation must be
done. This is a standard step and is likely to be implemented in companies with
an advanced level of maturity (not initial one where processes are unpredictable
and poor defined). Business Process Model and Notation (BPMN) is reason-
able to use for business processes formalisation and representation for further
analysis. In the study, we focus on operations in business processes which are
considered as checkpoint operations. It means there is a set of key performance
indicators (KPI) defined and used for performance evaluation of the processes.
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Checkpoint operations are subjects of evaluation of KPI’s values. For such oper-
ations, KPIs are defined and formulas for KPI calculating are provided. Also,
data sources containing necessary data for KPI calculating are specified. In this
case, we can identify two benchmark values for business processes operations
performance: (1) the desired KPI set by the manager at a higher level or driven
by business requirements and (2) the mean or median KPI based on historical
observations.

When the model of business processes was designed, this model is supple-
mented by two additional components. The first component is a structure of data
flows indicating the input and output information for operations in a process’s
sequence. The second component is definition of data storages or data ware-
houses. For each data flow, a complete list of attributes for data obtained during
the implementation of the operation is created. Each attribute is characterised
by a name, a data type (numeric, categorical, text, images) and a range of values
(optional). Data access attributes are defined for each data source:

— the type of access (manual, automatic, using API),

the data access protocol,

the request-response format,

the implementation of data access mechanism e.g. data collectors, and
access to data collectors.

The first group includes two indicators®. The first indicator agl) estimates
the completeness of the description of business processes. The indicator has the
following values according to the conditions

agl) = —1 if a business process is not described (using BMPN or another
well-structured notation) or it is described partially, e.g. some operations are
missed or key performance indicators are not specified,

agl) = 0 if data flows or data storages are not defined, e.g. there is no addi-
tional information about where data come from,

agl) =1 in case of complete description of a business process.

The second indicator ozél) shows the completeness of description of quality

metrics or KPI for business process performance evaluation. It has the following
values:

agl) = —1 if KPI is not defined or it is not assigned to a certain operation,

aél) = 0 if KPI does not have a formula for calculating or measurement tools
are absent?,

agl) =1 if KPIs are defined completely.

Note, for aél) the typical KPI might be runtime or execution time. In this
case it is reasonable to link execution time and business KPI related to the goals
of companies.

! The superscripts shows the number of a group and subscripts is a number of an
indicator in the group, e.g. 04;” is j-th indicator in the i-th group.

2 Also, there is no specific protocol for KPI evaluation.
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2.3 Step 2. Evaluation of Automatisation Maturity

To determine maturity of business processes automatisation, it is necessary to
classify the operations obtained model in the previous step. Classification can
be performed based on types of operations in BPMN notation:

— tasks (actions) are operations having data as input and data as output in
terms of data flow; input/output data might be represented as data frames;

— gateways (or decisions) are operations where choices made out a set of alter-
natives; the choice is made according to criteria;

— events (events) is an external influence on the internal process.

So the one feature inherent in all three types of activities can be single out.
This feature is the existence of input and output data recorded and stored in
a database. In terms of machine learning these records are considered as data
sets for models training. Basically, the dataset contains on pairs of input and
output vectors. From the standpoint of the readiness to implement data science
solution, the existence of data sets is a crucial issue.

Consider the following indicators that are part of this group of indicators.
The first indicator af) estimates the degree of automation of business processes.
The parameter takes the following values:

- agz) = —1 if all actions related to information processing are performed
manually;

- agz) = 0 if at least one operation including information processing actions is
performed manually;

- agz) = 1 if all data processing operations in a business process is fully

automated.

Note, in this research we consider the only activities having a deal with data
or information processing.
The second indicator af) evaluates the level of maturity for the activities
related to quality evaluating procedures. The indicator might have one out three

values:

- af) = —1 if values of more than one KPI are calculated or specified manually,
or a manager participates in the data collecting process,

- aéz) = 0 if at least one KPI is calculated or set manually, or a human takes
part in the collecting process and,

— aéQ) = 1 if the quality indicators are determined automatically without a

human intervention.

Finally, the third indicator oz§2) shows the availability of data in the format
of datasets for further processing:

— ozz(,,z) = —1 if data does not represented as datasets (or dataframes),

- agf) = 0 if data is partially represents as datasets (or dataframes) or some
values are missed,
- aéQ) =1 if datasets (or dataframes) exist.
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2.4 Step 3. Evaluation of ETL Process Maturity

ETL stands for a sequence of three types of operations over data: E —extract data
from different data sources, T — transform data according to the storage structure
requirements and L — load data to data storage or data warehouse. In this study,
the aim is to evaluate readiness of all these operation for data science solution
development and deployment. There are three indicators are considered here.
The first parameter 0453) in a group characterises the maturity of the processes
of data gathering from data sources. Note, the data source might be internal such
as OLTP databases or external (e.g. weather forecast services). The indicator

have the value

- af” = —1 if data collectors which collect data from various data sources are
not exist,

- a§3) = 0 if data extracted manually,

- agg) = 1 if data extraction is fully automated. Note, in the latter case, the

schedule can be set for execution of load procedure [18].

The next indicator ozgg)
flowing values might be set

- aég) = —1 if there are no any tools for data transform or data quality esti-

mation,
- ag?’) = 0 human intervention is required for data transform and quality esti-
mation,

is about the maturity of data transform process. The

- ag‘g) = 1 the transform process is fully automated.

The third indicator ozé?’) evaluates the maturity of data loading process into
internal data storage for further analytics. Note, the data storage should keep
raw data extracted from original data sources and transformed data according
to the predefined scheme. The scheme is designed according to the requirements
for further efficient data analysis. As an example, the solution can be built based
on OLAP structure or HDFS with metadata storage. The indicator has one out
of the three values:

(3) _

— ay’ = —1 load tools are not available or not applicable,
- ozég) = 0 load requires intervention of a human,

- ozég) =1 load is fully automated.

The main idea behind the indicator evaluation is a level of ETL process
automation.

2.5 Step 4. Data Science Infrastructure and Technological Stacks
Maturity Evaluation

Data science infrastructure is a complex of hardware and software available for
generating statistical models or solutions based on machine learning approach.
Note, this study uses CRISP-DM as a basic approach for data mining solution
creating [3].
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Consider the following indicators in this group. The indicator a§4) assess the

possibilities of reduction the performed in business processes task to commonly

used statistical or machine learning problem. The interpretation of values for
this indicator is following

a(14) = —1 in case of untypical problem when it is difficult or unobvious to
define a task statement,

a(14) = 0 when task statement is possible to do, but it is unobvious how
to reduce the task to a typical one. The term ‘unobvious’ means that data
scientists should be involved in the processes,

- a§4) =1 if the problem to solve reduce to the well-known task.

Note, the literature review shows various types of task classification [15]. The
common thing of all different classifications is well-defined task statement.

One of the cost-intensive steps in the modelling process is the stage of data
preprocessing or in other words preparation of data for modelling. The indicator
a(24) was introduced to estimate the preprocessing phase. The indicator takes the
value

- ozgl) = —1 if the preprocessing is not formalised and it is necessary to decide

to make data preprocessing task statement and find methods to solve the
task. Usually, agl) =—1if 04&4) = -1,

- agl) = 0 if human intervention in data preprocessing is required,

- ozgl) = 1 if there is no need for preprocessing or preprocessing is performed
automatically.

The next step is according to CRISP-DM is modelling stage [3]. It is necessary

to define an indicator agl) characterising the degree of modelling automation.
The indicator can be equal to one of the following values

- agl) = —1 if the task is not defined, the model is not typical or modelling
technologies are not defined,

- a§4) = 0 if an adaptation of new models (structural-parametric optimisation)
is required,

- a§4) = 1 if the repeatable technology for modelling is developed.

The model performance evaluation is a mandatory stage of data science
project. The indicator takes the value
_ a§14)
- a514) = ( if it is required to adapt or test the quality criteria for applying,

- afl4) = 1 if the criteria are developed and experience is available.

= —1 if there are no performance evaluation criteria,

2.6 Step 5. Calculating IR4I

The index is calculated according to the formula

ITRAI = min], (min;?:l (agi))) , (1)
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where n is a number of operations in a business process, agi) — indicators men-
tioned in previous sections, K — a number of indicators for every operations.
Assume, ay) € {-1,0,1},Vi = 1,n,Vj = 1, k. The values of indicators can be
interpreted as following:

— IR4I = —1 is a red zone does not meet requirements;
— IRAI = 0 is a yellow zone partially meet requirements;
— IRAI =1 is a green zone, meet all requirements.

2.7 Step 6. Making Decision

The decision regarding the development and deploying data science solution for
explored process is made. Also the choice of strategy for modification existed
business processes is made in this step. Alternative strategies of actions are
developed based on value of IR4I index and based on analyzing of included
indications. So actions should increase the value of IRAI for certain business
processes.

Analysis starts from the general overview of the IR4I calculated value

— IRAI = —1 indicates the low success rate for data science solutions imple-
mentation, so it is not reasonable to enrich existed automated system with
data science components;

— IR4I = 0 tends to make additional analysis of the possibility (see horizontal
and vertical strategies);

— IRAI =1 is a green line, it is advisable to implement data science solutions.

3 Use Case

This section contains the results of application of proposed method based on
new IR4I index. The use case describes the real-world problem of electricity
consumption daily costs planning in an middle-size enterprise [12]. As a result of
planning, the specific document is created which called daily order or hourly bid.
The daily order containing a-day-ahead electric energy consumption demand in
format of a set of raws (datetime, comsumption). Further, document sent to
energy supply companies for further planning [12]. Based on the deviation of
planned and actual electric energy consumption, the enterprise can be subject to
a penalty in the amount according to the energy supply contract. The proposed
in a paper method is applied for the certain process of daily electric energy
consumption planning and daily order creating.

The middle-size manufacturing enterprise is considered as a object of energy
consumption. Consequently, all indicators for IR4I are calculated for this spe-
cific case. Complementary to all calculated indicators values, the explanation is
provided how calculating was made.

Figure 2 represents the business process of electric energy consumption plan-
ning in BMPN notation for middle-size manufacturing enterprise. For many
countries, the special energy market exists. Specifically the marker deals with
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the trade and supply of energy. If an enterprise is a participant of the energy
market, the special everyday process of demand request generation is needed.
The process starts according to the daily schedule.

The process starts with the Step 1 called ‘Collecting of energy consumption
data’. All information about electric energy consumption in previous time period
is stored in plain table documents. The storage sd! is a folder with plain table
documents. The output of the first step is a set of files containing data about
energy consumption in previous time periods. If the folder sd4 contains files
already, these files can be updated by new one. In the second Step ‘Analysis
of planned production plan’, the information about planned production plan
is gathered. The output of the step is files which represent union of planned
production plan data with data about energy consumption in previous time
periods. Finally, these files are stores on the folder sd4.

Energy
consumption
demand order

- - —
o J wy )
ElectriciEnergy Production plan ergy : A

consurption in constimption

previoys time : demand order in
peripds previéus time
H H periods
Is forecast
¥ ¥ A2 reasonable?
a |t C;’EZ?‘”Q o fa2| 2 Analysisor | as 3 Analysisof | 94 | 4 One-day- 5. Create the
vy planned . ¥ ahead order for the next

consumption
data

previous orders

production plan forecasting day

Fig. 2. A scheme for proposed method in BPMN notation

The third step titled as ‘Analysis of previous orders’ includes a procedure to
collect data for further evaluation how data in orders varies from actual data,
e.g. forecasting error evaluation. Based on data obtained in the previous steps,
the forecasting of electric energy consumption is made in the step ’On-day-ahead
forecasting’. The one-day-ahead forecast (KWh) is an output of the fourth step.
As enterprise is a subject of fines in case of wrong demand ordering, the KPI
for the processes following: mean absolute percentage error must not be exceed
15% and time for creating daily order must not exceed 2 h. The predicted values
are estimated according to the manual verification procedure, and a manager
who responsible for daily orders makes the decision about the finalisation of the
process. The final step is creating the daily order document, signing and sending
to the energy market broker.

Let consider the evaluation of described business process using declared
method and TR4I index. The formalisation of the business process is high as
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all necessary data is provided, so agl) = 1. The completeness quality metrics or
KPT description is high as well, as all necessary KPI was defined precisely (time

and errors). The degree of automatisation of business processes a§2) =0 as all
procedures for data collecting are performed manually. The level of maturity
for processes of data collecting and quality metrics evaluation is middle as well
aéQ) = 0; KPI related to forecasting performance is calculated manually. The
indicator aéQ) = 0 as data stored as plain tables with different format and it is
necessary to make datasets for further processing.

Let analyse indicators of the second groups af) and the actions for improve-
ment of operations. Consider case when all data sources are defined and all data
flows are represented in a formal way. In the domain we study it might be: sd!
— is a data source of data about electric energy consumption. Formally, the data

frames stored in sd! has the following structure
dfy = {objectld, timeStamp, value) ,

where objectld is a unique identification of the energy consumer, a timeStamp is
a time where the measure was made, value is energy consumption value at the
certain time stamp. Using the same formalisation, sd2 contains data frames

dfs = (resourceld, timeStamp, value) ,

where resourceld — a unique identification of resource (energy consumer) using
during the production. sd3 includes data frames

dfs = (objectld, timeStamp, orderedV alue) ,

where ordered Value is predicted energy consumption value for the future time
stamps.
Data flows in Fig.2 can be formalized as following

— d1 — is an event of initializations of the process;

— d2 — dataframe with the same attributes for dfi;

— d3 — contains two dataframes d1 and d2, where d2 has the same set of
attributes as for dfs;

— d4 — contains three data frames, two from d3 and a dataframe with the same
set as for dfs;

— db5 — dataframe containing predicted values dfs and a formal description of
forecasting model md:

md = (objectId, modelld, description)
where modelld is a unique id of a model and description is a high level
description of the model, e.g. in JSON format.
(2)

In spite of data stored in electronic plain table format, o™ = 0, as a manager
intervention is needed for data collecting or extracting. A manager has to find a
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necessary file in a folder ds! and open the file in appropriate software for further
analysis. If there is no electronic storage or some information is stored physically
on the paper (book of energy consumption), then af) = —1 (the worst case). If
SCADA or an energy management automation system provide the automated
formatted data downloading procedure, then agZ) = 1. In the use case, KPI’s are
not calculated automatically. Moreover, the operation numbered 3 is applied for
this purpose. Based on the definition in previous section, the indicator ozgz) =0.
Forecasting model performance should evaluate according to appropriate error
measurements [1,17]. Note, if time measurement is performed manually it is
not efficient due to the issues of human factor. Formally, data sets exist if all
data is collected in the third steps in one place (data storage). We assume, that

agz) = 1 in this case. Basically, the data set should not be adapted for further
processing. Also, the inner data is not enough for adequate modelling and an
access to external data sets need to be configured. This is might be indicated by
adding a new operation in data process.

Next, we evaluate indicators in the third group. For extract data indicator
evaluation we set a§3> = 0 as all data source are defined, but data collected man-
ually. In practice, these data are stored in copies of original data files gathered
from data storaged dsi, ds2 and ds3. Formats of initial data files obtaining from
different data sources may varying. It is evident that, the specific format of data
files is an additional limitation of the extract process. Next, we estimate aéB) =0
because data transformation operation is required. The main reason for this is
that gathered data is stored in files with a different format. A manager makes
forecast using, for instance, electronic sheets but initial files stored in CSV for-
mat. Analogously, we set aéB) = 0 because of human intervention is needed in
the data loading process. At least a manager should point the folder there the
uploading data files are located. In fact, the manual operation required due to
poor data quality, e.g. missing data or abnormal values. The data quality issues
are crucial for loading processes as errors may occur. Finding the wrong data is
the time-consuming operation.

Continuing, the estimation of existed infrastructure for data science solu-
tion implementation is made (indicators of the fourth group). As one-day-ahead
electric energy consumption forecasting is the well-known problem, the problem
is reduced to the time series forecasting task. Particular, this is a problem of
n-ahead forecasting of univariate time series [10]. For our case study, the indi-
cator 04§4) = 1. The benchmark model for the task can be auto-regression model
(AR, ARMA, ARIMA). Note, that time energy series forecasting can be done
based on different approaches, e.g. probabilistic approach, symbol-based app-
roach [6]. Data preprocessing is needed due to assumptions made in previous
step. The typical preprocessing is sliding window approach. It means we set
agl) = 0. In the literature, we can find a lot of approaches for time series fore-
casting [7,12,14,20]. Special attention is given to existed automated forecasting
approached and packages [9]. So, the indicator a§4) = 1. Forecasting performance
evaluation can be made using various error measurements [17]. Traditionally, the
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following error measurements are used for electric energy consumption forecast-
ing: MAE, RMSE, MAPE [12,20]. However, due to error measurement draw-
backs, the choice of appropriate criteria is subject to research [4]. Anyway, we
estimate 044(14) =1.

As the result of estimating, the current use case has the following indicators

represented in the Table 1.

Table 1. Indicators for use case

level [t =1|t1=2|t1=3|1=4
(1)
aE?) 0 1 - -
) 0 0 1 -
agy 00 0 |-
(4)
G111

Based on the formula 1, the final value of IR4I is equal to zero. It means, we
need to explore the process in detail and define a rational strategy for improve-
ment (see Sect.4). As the main conclusion, the development and deployment of
data science solution for the defined business process is premature.

4 Discussion

So, if IR4I is equal to one, we conclude, that data science solution can be applied
over existed automated systems. In this case the standard CRISP-DM process
can be applyed for design this kind of solution. On contrast, if TR4I < 1 re-
engendering of the business process need to be done.

Modification of the process can be performed according two strategies. Con-
ditionally, the strategies are called “horizontal” and “vertical”. The horizontal
strategy is about the consistent improvement of operations at each level, from
level 1 (formalisation of business processes) and ending the last level. Each mod-
ification is aimed at increasing the values of indicators. Until the indicator gets
maximal value 1. The vertical strategy of changing involves the study of several
processes in the business process.

Note that automation is a logical step in the development of data science
solution. The components of data science solutions are considered as extensions
to the existed automation system. Often (as in the example above), it does
not make sense to create an additional analytic software architecture, but it is
reasonable to use as extensions of existing one.

If a decision is made on the appropriateness of implementing data science
solutions or components based on data analysis, the following indicators should
be considered. Indicator of the model interpretability a:([r’). The indicator takes
the value -1 if the model is a black box and there are no whitening approaches
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for the model. The parameter is set to 0 if the model is considered as a grey
box or a black box with appropriate whitening methods. The proactivity of the
processes a§5)7 is characterised by the property of moving human functions to
the supervisory level [16,21]. In this case, the indicator is equal to -1 if the model
does not satisfy any of the properties and the human need to be involved in the
implementation of the process. The indicator is set to 0 if at least one operation
can be fully automated. Also, an indicator is equal to 1 if a human performs only
supervision without permanent involving. The next indicator az({r’) - estimate the
time performance for presentation of the result. Also, the indicator takes values
—1 if the delivery time exceeds the time taken to perform the operation, 0 if
the implementation of data science algorithms does not reduce the time of the
person to perform the operation, and 1 if the time for performing is less before

solution implementation.

5 Conclusion

The readiness of the current business processes for the implementation of data
science solution can be formalised and evaluated. We propose the IR4I which
is stands for Index of Readiness for intelligence is an index using the min-min
convolution of various indicators including: (i) business processes maturity indi-
cators, (ii) indicators of the level of automatization and digitalisation of business
processes, (iii) extract - transform - load (ETL) processes maturity indicators,
(iv) data science infrastructure and technological stacks maturity.

The method of evaluation is considered which is consist of six steps. The
method and IR4I index can be used for the initial stage of data science solution
design. However, the proposed IRAI is not sensitive for evolution of improvement.
The future works should include the problem of interpretation of changes in
business improvement process.
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