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Abstract. Most socioeconomic processes (Processes) develop by performing various process-
driving actions. A large amount of data is usually generated at the same time; they form specific
indicators that are more or less distinctive for the Process. No Process management can really
perform all the relevant actions to achieve progress of the whole set of indicators. Hence,
prioritization of the action lines and determination of the key performance indicators (KPIs) has
become an essential factor. Unfortunately, KPIs and their weighting are still largely subjectively
defined and there is a lack of qualitative and quantitative justifications for choices. The article
describes the universal methodology developed for objective mathematical computation of KPIs
of the Processes and their weighting. By means of the regression analysis algorithms for
statistically significant KPIs are computed and mathematical expression has been obtained
showing the impact of each selected KPI on the Process development. The methodology has been
tested in several Processes, achieving convincing results; applying it to variety of Processes
requires mediocre programming skills only. Process management can put the methodology into
practice to monitor the achieved development level of the Process in statics and dynamics, to
observe progress and deficiencies in separate aspects, to take these into account when making the
sustainable planning and strategic decisions.
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1. Introduction. More data is better, but is it all significant?

1.1 Sharply growing amount of available data — a natural tendency

The ongoing digital transformation of a wide range of socioeconomic processes
(Processes), together with the direct benefits, also provides an increase in the availability
of various generated data which is collected in public and private data bases. Advanced
data gathering technologies and cheap data storage are strong enablers of the data
collection tendency. This phenomenon can be expected to continue to expand in the
future.

There are two kinds of new data. Part of them only increases the amount of data in the
existing data series, which are the basis for indicators that describe various aspects of the
respective Process. However, this quantitative change sometimes can generate a
qualitative effect; the time series data is a convincing example, especially when ad-
vanced data mining algorithms are used ((Wauchope et al, 2021), (Warrier et al., 2022),
(Li, 2021)).

Another part of new data creates new data series (indicators) that can qualitatively
improve the reflection of the Process and its progress; they emerge or lose their rele-
vance as the Process evolves. Comparing the sets of indicators forming Digital Economy
and Society Index (DESI) (WEB, a) and (WEB, b) and European Innovation Scoreboard
(EIS) (WEB, c) in 2016 and 2022, it can be seen that the indicators, which have lost their
significance as a result of sociotechnical development, have been replaced by more
advanced ones. Thus, the indicators reflecting the effect of digital transformation and
green course on innovation are added to the set of EIS indicators; the innovation
performance currently is assessed against 32 indicators, while in 2016 — only against 25
indicators (for more details on the evolution of DESI see Sections 3.2.1 and 3.3).

It would be natural to believe that the amount of data available and used can improve
the quality of and trust in the process analysis (description, assessment, forecast, etc.).
Academic discussions demonstrate benefits generated by the use of large amounts of
data (Philips-Wren, 2021). Developing new indicators is proposed with a view to
improve the assessment of Processes in different sectors: economy ((Li, 2020), (Gabbi,
et al., 2021), (Eggenberger et al., 2018), ecology (Zhang, et al., 2020), social sectors
(Onel et al., 2019), etc. The purpose of the proposals is treated quite differently, but in
practice it is relatively the same: to improve the implementation and management of the
corresponding process and to increase its efficiency.

A large number of indicators is used to create various national and municipal scale
indicator sets and composite indices. Hence, the Global Competitiveness Index (GCl) is
composed of 103 different national-size indicators (WEB, d); Global Innovation Index
(WEB, e) consists of 80 indicators, while 15 of them are composite indices, which in
turn are made up of many indicators; 141 indicators are approved by Saeima (the
parliament of Latvia) to evaluate implementation of the National Development Plan of
Latvia for 2021-2027 (WEB, f).

Data processing companies are demonstrating the potential advantages of widespread
use of large data massifs, with a particular focus on business processes. “The ability to
gather data from disparate sources and analyze it for strategic decision-making is the key
to the gold mine” (Polakoff, 2020). However, far not all companies are blindly following
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these recommendations, apparently carefully considering the pay-back of investment
required. According to Eurostat, only 13% of EU enterprises without financial sector
(10+ employees) analysed big data internally in 2020 (for comparison — 36% of EU
enterprises had one of the ERP software packages in 2020). To accelerate the digital
transformation of the industrial ecosystems EC propose that 75% of all European
enterprises (including SMEs) would take up big data by 2030 (WEB, g).

Sometimes there is even an over-reliance on the amount of data; this is well illus-
trated by the public confession of the Google’s Chief Scientist Peter Norvig: “We don’t
have better algorithms than anyone else; we just have more data” (WEB, h).

1.2 Determination of KPIs — a practical necessity

Clearly, in many cases national, sectoral or local management cannot perform all the
activities to achieve progress in all the indicators, due to the insufficient capacity and
inability to invest simultaneously in all action lines. The same relates to businesses; far
not all companies are blindly following these recommendations, apparently carefully
considering the pay-back of investment required.

Not without practical reason there is published information in recent years on studies,
which shows that sometimes usage of too much data is not purposeful, that it leads to
statistics exaggeration — overfitting; this may be direct result of high data availability.
“The answer to the question of how much data we really need depends on the use case,
as well as who is asking the question” (Karnitis et al., 2021). Not all data series are
statistically significant; they could be dropped, but which ones? “Knowing more details
about each example doesn’t necessarily help. It might even hurt, if the extra details are
irrelevant to what you’re trying to learn” (Sarma et al., 2019). And for a specific
purpose: “The results reveal that, while data variety and velocity positively enhance firm
innovation performance, data volume has no significant impact” (Zuters et al., 2016).

Simplicity of the composite index, use of limited number of input indicators are
attractive characteristics of the Human Development Index (HDI), which is globally
accepted at the various levels; it consists of four indicators only (Sarma et al., 2019).
“The HDI’s simplicity, coupled with the transparency assured by the utilization of data
published by international organizations, has been one of the main drivers behind the
success of the HDI in the past twenty years”. The aspect of simplicity should not be
underestimated: this would be one of the reasons why Google search engine found more
than 11 million items on the query “Human Development Index”, and only 460 thousand
items on the query “Global Competitiveness Index”; Science Direct database provided
7911 and 595 scientific publications respectively.

In order to improve each of the indicators included, the national and / or local
government must take various coordinated activities that form several action lines. It is
absolutely clear that no government can really grasp and perform all of them to achieve
progress, even in part, due both the insufficient capacity to cover the whole very wide
spectrum and inability to invest immediately and simultaneously in all action lines. The
same relates to businesses. The prioritization of the indicators (and hence, the related
action lines) has become an essential, sometimes — even critical factor. This encourages
analysts to create methods that determine which indicators from the large data set are
decisive Process drivers, the key performance indicators (KPIs). Discussion papers are
published (Goldstein, 2022) and (Trerotola et al., 2021) to reflect this issue, presenting
the advantages, as well as the disadvantages of large data sets (WEB, a). The larger the
number of available data series, the more likely it is that the priority data series
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(indicators), which best reflect the regularities of the process. Therefore, development of
methodologies for selecting KPIs from the total available set as well as their weighting
in the composed indices is relatively active. But the identification of KPIs also means
the identification of related action lines that are prior for the progress. Prior actions are
drivers of the progress, while the indicator measures the progress made.

The first step in selecting a KPI is defining a target (e.g., growth, performance,
productivity, sustainability, even creditworthy), followed by creating an appropriate
massif of candidate KPIs that characterize the target variable from various aspects.
Statistics, surveys, interviews, literature review, research studies, experience are used.
Various procedures for selection of KPIs are proposed in a variety of sectors, including
economy ((Li et al., 2018), (Tesic et al, 2018), (Kaur et al., 2021)), social services
((Jiang et al., 2020), (You ,2016)), environment (Pakzad et al.,2017) etc.

The methodologies used to select KPIs and to determine their weighting can be
grouped into several clusters. It is still popular to rely on the experts’ subjective choices
in the KPI selection procedure ((Pakzad et al., 2017), (Zacepins et al., 2019), (Kibira et
al., 2018), (Cakula, 2020)). In a number of cases, experts directly subjectively carry out
the weighting of the selected KPlIs too. In other cases, various mathematical methods are
additionally used for processing expert assessments, for example, fuzzy analytical
hierarchical process (Kaur, 2021), decision making method DEMATEL (Jiang et al.,
2020), qualitative scoring method and analytical hierarchical process (Kubiszewski et
al., 2021). The results of these calculations, of course, maintain the subjectivity of the
experts' assessments.

However, some methodologies, which aim at obtaining as objective as possible
selection of KPIs, have also been proposed, involving mathematical tools. Weighting
calculations can also be performed at the same time. There are applied data envelop and
correlative analyses (Tesic et al.,, 2018), ontologies (Roldan-Garcia et al., 2022),
machine learning algorithms (WEB, i), regression analysis (You, 2016), (Kubiszewski et
al., 2021). Unfortunately, the methodologies proposing the application of mathematical
tools for selection of KPIs are not opened in referred publications, which make their re-
apply for similar tasks practically impossible.

The aim of this study is development of universal transparent methodology for
objective mathematical computation of KPIs of the socioeconomic processes and
determining their weighting. Objective computation of KPIs (resp., decisive independent
input variables) from the set of Process indicators is important for the creation of high-
quality Process models, enabling the correct reflection of the impact of key drivers in the
model (Karnitis et al., 2022). The actual KPIs are the basis for a model that is accurate as
possible and at the same time simple and understandable to its users — non-IT
professionals. Furthermore, a transparent KPI computing methodology is one of the key
aspects for trust in the model. Therefore, only the application of mathematical tools for
determination of KPIs has been considered acceptable.

Selection of the appropriate mathematical tool is described in Section 2, while the
Section 3 is devoted to the methodology itself. Section 4 discusses the results obtained
and provides conclusions.

2. Regression analysis: a suitable mathematical tool

To achieve the stated aim, a working hypothesis was put forward: let us consider that
any Process contains k static units of observation, at which the achieved level of the
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Process development is indicated by the characteristic headline indicator (YK), the value
of which depends on values of n KPIs (plk, p2k,....pnk). Then the Process as a whole
can be described by the mathematical model of the Process, where the achieved level of
the Process development is described by target/dependent variable (Y) that is a multi-
parameter function (f) from the set of KPIs (p1, p2,....pn):

Y =f(pl,p2, ..., pn) @

Changes in the value of () reflect the progress achieved. Each KPI shows pro-gress
in some aspect of the Process that has been achieved due to the performance of relevant
action lines. Thus, the identification of KPIs will also mean the identification of related
action lines, which performance is a priority for the Process development, whereas
determination of KPIs weighting will show the impact of a specific KPI on the Process.

Today, no direct theoretical calculation is possible for the function (f) and the
subsequent measurement of progress in the Process. However, there are several data
mining technologies that are suitable for studying cause and effect relationships between
x input/independent variables (il, i2, ..., ix) and target variable (Y) without exploring
the internal aspects of the Process (black box principle).

Various data mining procedures could be used to simulate socioeconomic processes.
The adaptation of the data processing methods for the selection of KPIs is an innovative
approach that provides significant benefits, which are shown in the following sections.

The regression analysis was chosen as the most preferable mathematical tool. It is
directly focused on the revealing causalities between several independent variables and
the dependent variable. Most of regression analysis algorithms do not require
normalization of indicators’ data; although normalization is widespread and is per-
formed by maintaining the ratio of data point values for a particular indicator, the choice
of min/max values affects the inter-indicator comparison. The obtained modelling result
is a decoded mathematical expression (1) that shows weighting of each independent
variable. In addition it indicates p-value — probability that null hypothesis is taking place
and no statistical causality exists between specific independent indicator and target
variable; the lower this probability, the higher the statistical significance of the indicator.
The result is understandable and convincing for non-IT professionals too. The
procedures of analysis are relatively easy to apply.

The authors have modelled several Processes over the years: regularities of EU
economies (Karnitis, 2017), the impact of digitalization on economic growth (Karnitis et
al., 2018), priority actions for urban sustainable development (Karnitis et al., 2021), and
the efficiency of district heating networks (Sarma et al., 2019). For the control of
stability and sustainability, a computation of KPIs for the digitalization process was also
performed, using highly modified in 2021 set of indicators for recalculated DESI 2019-
2020 (for greater detail see Sections 3.2.1 and 3.3).

By means of regression analysis algorithms we have disclosed and extracted the most
significant indicators, i.e., the KPIs, reducing a large number of potential Process drivers
(n << x). The practice of applying regression analysis has proven its suitability for the
analysis of the status quo and for revealing causal relationships between the independent
and dependent variables, as well as for forecasting.

Therefore, the creation of a building thermal efficiency model has been initiated with
the aim to determine and select KPIs from the large set of indicators that is currently
used for laborious complicated calculations. Whereas up to 75% of the EU around 120
million building stock remains energy inefficient, there is a need for easy-to-use
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methodology and an appropriate innovative tool, which would allow rapid and at the
same time sufficiently accurate and objective analysing at the pre-design stage the
potential and benefits of the various complex renovation projects’ variants (on the first
results see in Sections 3.1.1 and 4).

Specific assumptions to be considered when using regression analysis:

e The model cannot be an abstract representation of the data scope. Whether and why
a relationship between two variables has a causal interpretation or why an existing
relationship has the power to predict new content should be carefully investigated.

o Not always it is possible to carry out the modeling and select KPIs using standard
procedures. Usually, they need to be individually innovatively supplemented and/or
modified for a specific Process (see examples in the Section 3). In this aspect, the
main requirement is not a high qualification of the software engineer; mutually
interested close cooperation of the Process expert, data analyst and programmer is
the basis for success when processing observational data.

Obtaining a qualitative result of the modelling requires:

o Full data set (values of independent variables and target variable) in all observation
points.

o Similar impact of external factors on all observation points.

Applying mutually absolutely independent modelling tools very different mathematical
expressions of the Process model can be obtained, but they usually give very comparable
qualitative results, as shown by the usage of different modelling procedures for the same
task (Zuters et al., 2016), (Sarma et al., 2019). Thus, Fig.1 shows an excellent
coincidence of both the nonlinear regression and neural network models of heat
transmission costs.
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Figure 1. The mutual coincidence of the neuron network model Ctr(neur) and the nonlinear
regression model Ctr(nonlin) of heat transmission costs.

3. Methodology: sequential steps

The methodology consists of 5 sequential steps (Fig. 2). The single target (dependent)
variable (Y) should be determined in the first step of the modelling procedure. Indicators



120 Karnitis et al.

(independent variables) that describe the target variable as comprehensively as possible
from different aspects are selected in the step 2. Computing of KPlIs is taking place in the
third step by the multi-stage linear regression procedures. In the step 4, the KPIs weights
are specified by adding nonlinearity at the level of KPIs and/or the level of the
mathematical expression of the model. Varied application-related tests can be applied in
the step 5 to check stability and sustainability of the models.
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Figure 2. Design of the methodology.

3.1. Selection of variables for modeling

Please note that, when determining the variables for modeling, it is necessary to test the
existence of causalities between the target variable and each independent variable. If
some correlation is very weak, the particular combination of variables is not suitable for
building the model. If, when evaluating the Process, the functional impact of the relevant
indicator on the Process is visible, it is worth looking for ways to modify the variable,
thus strengthening the existing weak causality.

3.1.1. Determination of the target variable

The most complete and comprehensive headline indicator of the Process is usually used
as the target variable to reflect a progress toward the set strategic goal. Result-oriented
indicators are preferable, in addition to describing the development process, they
characterize the achieved result. Determining the target variable, which is an indicator
that characterizes the process in general, is a critical step toward obtaining a reliable
result. If the target variable is determined incorrectly (inaccurately), KPIs will also be
selected incorrectly.

So, if the Process relates to the national economy, Gross Domestic Product (GDP) or
its derivatives can be used. Similarly, the level of the socioeconomic development is
generally described by the Human Development Index (HDI) (WEB, d). Both indicators
are accepted by experts and politicians. Success of the business activities could be
characterized by the profit obtained, performance of the health care system — by treatable
mortality, level of education — by years of schooling, efficiency of services at a defined
quality/performance — by price (tariff), etc.
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Figure 3. Achievement of the causality by development of the secondary indicators:
heating demand (kWh/m?a) dependence on area of external walls (a) and on U-value (W/m?K) (b),
causality among secondary indicators (c).

Sometimes it is necessary to modify a widely used target indicator. E.g., the ther-mal
performance of a building is usually expressed as the energy use intensity — heating
demand per square meter of heated area per year (kWh/m2a). However, the heated area
correlates weakly with areas of the building envelope components (external walls,
windows, etc.) (Fig. 3a) and their thermal transmittances (U-values, expressed in
W/m2K) (Fig. 3b), as well as with other physical and thermal parameters; such
regularities are not usable for modelling. For our task we modified the standard indicator
developing the total heating demand per heating day (MWh/day). Such a secondary
indicator directly reflects the heat transmission process in buildings, forming the
necessary causal relationship. Later the modelling result would be converted to a square
meter of heated area and to a year. This transformation proved necessary but not
sufficient; it turned out that the independent variables also need to be transformed (see
Section 3.1.2).

If the corresponding comprehensive indicator is not available, in individual cases it is
necessary and possible to create one. For instance, there was no indicator to show the
sustainable development (SD) level achieved by countries according to the UN globally
accepted SD paradigm — integrity and balance of the economic, social and environmental
dimensions. Therefore the appropriate indicator — an Advanced Human Development
Index (AHDI) was created to use it as a target variable in modelling the SD process
(Karnitis et al., 2021), (Fig. 4).

A purposeful detailed investigation of the cohesion of SD vision and past experi-ence
in usage of the HDI for measurement of human development in pre-SD years was carried
out, as well as examination of existing proposals A targeted analysis to this end opened
several aspects that were considerably taken into account: heredity and simplicity of the
target variable, authority of the HDI calculation methodology, the need to use an already
accepted comprehensive headline environment indicator. AHDI was created by
supplementing HDI with the comprehensive Environmental Performance Index (EPI),
which provides an incomparably wider coverage of the environmental aspects in
comparison with that of the other options. HDI calculation methodology was precisely
adapted to obtain the mathematical expression of the AHDI and to use it as target
variable for modelling.
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Figure 4. Design of the AHDI.

3.1.2 Selection of independent variables

Sometimes the set of independent variables (indicators) that characterize the Process is
already defined (e.g., (Karnitis et al., 2018)), at other times one’s own has to be created.
In the latter case to create a good model it is important that the selected indicators
describe the target variable (YY) as comprehensively as possible, from different aspects.
So, for many-sided reflection of the growth of EU economies, and their gradual
transformation on innovation-driven growth path, the indicator set of the EIS was
supplemented by DESI and energy productivity indices (Karnitis G. et al., 2017). The set
of the sustainable development goals (SDGs) have detailed the UN's understanding on
the urban SD format, therefore, selected independent indicators (il, i2, ..., ix) should
associate with one of the 13 SDGs related to city-level performance (Karnitis et al.,
2021); 49 selected indicators were grouped in 13 separate groups related to one of the
SDGs. The existence and availability of data sometimes is a constraint on the set
formation (this was the case when modelling heat transmission (Sarma et al., 2019).

Also, when selecting the independent variables, it may happen that the traditional
indicators have to be modified to improve the causality with target variable. Continuing
case of modelling thermal efficiency of buildings, it should be noted that the causal
relations of the areas of building envelope's components with the total daily heating
demand were found to be sufficient for modelling, while those of the U-values were too
weak. Thus, the area of the component (e.g., external walls) was put together with the U-
value of the respective component obtaining an integrated indicator — the heat
transmission power through the respective element; the causality of the latter with the
total daily heating demand is very strong (Fig. 3c).

The need to compile the most comprehensive set of independent variables some-
times may lead to contradiction. To achieve the most objective computing KPIs from the
selected set of indicators, as many quantitative indicators, which characterize very
various aspects of the Process, as are accessible should be selected. On the other hand, to
obtain reliable modelling results based on the causal relationships between the x
independent variables and the dependent variable (Y) and to exclude individual
deviations, a number of observation points k>>x is required. The stronger this inequality,
the more accurate causal relationship (from the point of view of general causality) can be
created. If k=<x, we could certainly find several relationships that perfectly reflect all the
points of observation, but without the possibility of further generalization (which is
needed for prediction and forecasting).
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In cases with an insufficient number of observation points, an individual innovative
approach is needed to overcome this shortage. So, using the fact that the DESI
methodology had not been changed for several years, the data on EU countries for four
years (2014-2017) were combined, thus virtually quadrupling the number of observation
points (Karnitis et al., 2018).

In any case, contradictory conditions should be overcome.

3.2. Modelling

The choice of the optimal modelling method can be determined by the requirements set
by the task to be solved: (1) the mode and tool of modelling should allow easy
repeatability of the modelling if data and/or indicators change, and (2) the model should
be implementable, recomputable and adaptable to a specific task by a person with
mediocre programming skills.

Several general and specialized programming languages are suitable for our task.
Among them is the well-developed and user-friendly R statistics environment, which is
specialized for data analysis; it has a number of advantages that are important to our aim:
(1) open access to the most popular operating systems; (2) a qualitative connected open
integrated development environment (IDE) RStudio; (3) an interpretation mode that
speeds up program development; (4) many open access external libraries for data
analysis and display, and (5) simple and easy-to-learn syntax.

R allows for interactive execution of commands on the fly and an immediate display
of the result; this speeds up the ad hoc analysis of data. It is possible to create complex
data analysis programs. RStudio is a user-friendly environment for development that
allows users to interact with, as well as develop and operate complex applications. For
these reasons, we used the R statistics language, and used the built-in linear regression
model, which is called by command Im.

3.3. Linear modelling: KPI computing

The multiple linear regression algorithm was chosen as the first option, because (1) it is
mathematically the simplest method, (2) the obtained model is a linear expression, there
is a simple and clear interpretation of the model, (3) basic knowledge in mathematics
and programming is sufficient for model computation, and (4) using the mathematical
expression of the model it can be easily calculated by spreadsheet or even by calculator.
The linear regression presents the model in the form of a simple linear equation that
shows well the effect of each KPI on the dependent variable, which characterizes the
overall process.

R language contains the built-in linear regression model, which is called by com-
mand Im. The achieved level of compliance of the modelled target values (Ym) to the
real values (Y) (mutual correlation) is serving as a quality criterion in the modelling
procedure. The determination coefficient R2 is used as the unit of correlation during the
modelling. Environment R issues a modelling result showing, inter alia, the estimated
weighting coefficients Bx and p-value for each indicator (see Table 1).

The first modelling procedure is performed including all indicators ix. Using a linear
algorithm, the general mathematical function (f) is expanded in linear expression:

YmL =oc+B1 x il + B2 x i2 +-+ Bx x ix )
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where a is the intercept and Bx is the modelled weight of the indicator ix in the linear
model.

The post-modelling selection of statistically significant indicators (KPIs) can be done
either manually or by supplementing the standard modelling procedure; it is based on
two features:

e The KPI is by definition the driver of the function Ym1; so, the indicators ix should
be selected, for which the coefficient fx has a sign that drives the progress of Yml:
a (+) sign if the increase of ix promotes an increase of Ym1, but a (-) sign if the
increase of Ym1 is promoted by a decrease of ix.

e Indicators ix should be selected, for which the p-value is less than a certain cut-off
value; usually 0.05 or 0.1 is used as a threshold. It should be noted that other values
also may be used.

Modelling procedure is repeated with only those indicators that have both features;
the others relate to factors that are insignificant and even burdensome for the progress of
Process. It is possible that in this narrower set of indicators some of them have lost
statistical significance. They can be discarded and the next modelling procedure
performed. After repeating the modelling procedure several times, we obtain an
expression of resulting Ymlin, in which p-values of all indicators are small, while
correlation between the (Ymlin) and (Y) remains strong (e.g., outputs of three-stage
linear modelling of DESI 2019-2020 are shown in the Table 1). High statistical
significance of these indicators shows their decisive role in the model’s regularity; it
clearly means that they are the sought-for KPIs (p1, p2,....pn). Action lines, which lead
to progress in these KPIs, can be recommended to provide the overall progress of
Process. Impact of other indicators on target variable (resp., progress of Process) is
insignificant, even random; these indicators only complicate the model unnecessarily.

It should be noted that sometimes the general algorithms and standard software
package should be adapted and supplemented to perform specific tasks. Thus, for
modelling SD (Karnitis et al., 2021), a combined multi-stage modelling process was
developed.

All 49 gathered indicators, which associate with one of the 13 sustainable
development goals (SDGs) related to city-level performance, were grouped in 13
separate sets. All indicators were used for modelling as independent variables.
According to the UN's vision of balanced SD, all SDGs should be evenly represented in
the search for KPIs in the modelling process. Together, this means that only one
indicator from the each set of indicators can be used as the predictor in each modelling
procedure (P = 13 in SD study, providing T >> P).

Obviously, the highest obtained efficiency of the SD process will be achieved if all
terms in expression (2) are compatible, and the progress of all predictors used had a
positive effect on the progress of the target variable. To determine such good
combinations of predictors, it was necessary to model all possible combinations, in
which a single indicator from each indicator set was used as the predictor; more than 1.7
million models for subsequent testing were created in total. Each modelling procedure
was supplemented with a compatibility test to check the mutual compatibility of the
specific indicators’ combinations and 232 “good” combinations were identified; they
were analysed to determine statistically significant indicators.
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Tablel. Output data in DESI 2019-2020 multistage linear modelling.
Significance codes: 0 “***> 0.001 “*** 0.01 “*” 0.05 “* 0.1 <’ 1

1st modelling procedure 2nd modelling procedure 3rd modelling procedure

Indic.  Estimate p-value Indic.  Estimate p-value Indic. Estimate p-value

lal 2.254e-03  0.350947*** 1bl 0.0074910  0.02474 * 1bl  0.0094988 0.00276 **
la2 -3.105e-04 0.732016 2bl1  0.0006251  0.03654 * 2b1 0.0007550 0.00530 **
1a3  -7.071e-04  0.758560 3b2  0.0006766  0.10212 3b3 0.0016639 0.00647 **
1bl 1.809e-02  0.008904 ** 3b3  0.0012171  0.05697 . 4al 0.0005243 0.00772 **
1b2  7.449e-04  0.371116 3b7  0.0001773  0.34889 435 0.0968844 2.19e-05 ***
1b3  -1.958e-04 0.666097 4al  0.0004773  0.01450 *

1b4  -6.329e-03 0.008443 ** 4a5  0.0770913  0.00122 **

2al  -3.410e-04 0.457984
2a2  3.999-04 0.147012
2a3  8.261e-04  0.440479
2bl  8.462e-04 0.010701 *
2b2  -2.153e-04 0.048438 *
2c1  -4.064e-03  0.090427 .
2c2 6.483e-05 0.631385
2c3 NA NA

2c4  -2.749e-04  0.586070
2d1  -6.899e-05  0.848519
3al  -5.490e-05 0.941947
3bl  -7.426e-04 0.071429.
3b2  1.311e-03 0.001997 **
3b3  2.456e-03 0.000141 ***
3b4  -3.193e-03 0.000178 ***
3b5  -4.795e-04 0.216064
3b6  -3.079e-04 0.411530
3b7  7.587e-04 0.004916 **
3cl  1.574e-03 0.118141
3c2  5.645e-04 0.642668
3c3  2.141e-04 0.854528
4al 4.479e-04 0.054915 .
4a2  -1.628e-04 0.487793
4a3 4.841e-04 0.142318
4a4  -5.864e-04 0.105467
4a5  8.120e-02 0.001513 **

It should be noted that sometimes the general algorithms and standard software
package should be adapted and supplemented to perform specific tasks. Thus, for
modelling SD (Karnitis et al., 2021), a combined multi-stage modelling process was
developed.

All 49 gathered indicators, which associate with one of the 13 sustainable
development goals (SDGs) related to city-level performance, were grouped in 13
separate sets. All indicators were used for modelling as independent variables.
According to the UN's vision of balanced SD, all SDGs should be evenly represented in
the search for KPIs in the modelling process. Together, this means that only one
indicator from the each set of indicators can be used as the predictor in each modelling
procedure (P = 13 in SD study, providing T >> P).

Obviously, the highest obtained efficiency of the SD process will be achieved if all
terms in expression (2) are compatible, and the progress of all predictors used had a
positive effect on the progress of the target variable. To determine such good
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combinations of predictors, it was necessary to model all possible combinations, in
which a single indicator from each indicator set was used as the predictor; more than 1.7
million models for subsequent testing were created in total. Each modelling procedure
was supplemented with a compatibility test to check the mutual compatibility of the
specific indicators’ combinations and 232 “good” combinations were identified; they
were analysed to determine statistically significant indicators.

Of the 49 indicators, 15 were found to be statistically significant in at least in one of
the good combinations, even using a low threshold for evaluating the significance of
predictors: the probability of rejection of the null hypothesis (p-value) is less than 0.1.
These indicators divided into two drastically different groups by the intensity of their
inclusions in the good combinations: 11 indicators were represented fewer than 10 times
each, while 6 indicators more than 25 times each. Using only these 6 indicators as
predictors we performed and individual modelling procedure, creating the mathematical
expression of the high-quality 6-predictors’ linear model (see Section 4).

3.4. Adding nonlinearity: quantitative clarifications

High numerical characteristics have been achieved creating linear models. Neverthe-less
sometimes a detailed post-modelling analysis of residuals points toward an in-complete
compliance of the actual data with the linear model. R diagnostic plots (frequency of
residuals, residuals vs fitted, Q-Q, etc.) can show that the linear model does not fully
capture the existing nonlinear relationship between the target variable and KPIs. E.g.,
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Figure 5. Residual characteristic of the urban SD (a) linear model, (b) final non-linear model.

the R diagnostic plot of the linear urban SD model (Karnitis et al., 2021) (Fig. 5a) shows
that residuals are not relatively evenly spread around a horizontal zero line (especially at
high fitted values).

It is possible to improve the model by adding nonlinearity to obtain the stronger
causality and to specify the impact of KPIs on the target variable, i.e., KPIs weighting.
This can be done both at the level of KPIs and the level of the mathematical expression
of the model. We used the RStudio NLS function, which determines the nonlinear
(weighted) least-squares estimates of the parameters of the nonlinear model.

The individual causal relationships between each KPI (pn) and the target variable ()
were checked to process the level of KPIs. The real impact of specific KPI on (Y) is, of
course, different from the individual regularity (e.g., due to some mutual impact of
KPIs). Nevertheless, the strong qualitative difference of some individual (e.g., p2) causal
relationship from the optimum linear one indicates a reduced quality of the linear model.

E.g., the strongly nonlinear data set p2 was tested by several relative nonlinear
relationships, finding the fN(p2), which provides the strongest possible correlation
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between the modified Np2= fN(p2) and Y. By repeating the linear modelling, a corrected
version of the expression (2) was obtained:

Yml= oc+B1xpl+p2xfN(p2)+...+fnxpn 3)

In this way in the case of urban SD the G6.2 data set (Fig. 5a) was transformed into a
new data set GN6.2, achieving a stronger linear relationship between GN6.2 and AHDI.
The strongest correlation (Fig. 5b) was achieved by modelling the inverse
proportionality expression.
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Figure 6. (a) Regularity G6.2. vs AHDI and (b) regularity Gn6.2 vs AHDI.

To process the level of the mathematical expression of the model the causal relation-
ship between the Ymlin and the target variable (YY) was checked. It needs to be clarified
whether the linear trendline provides the highest possible correlation, or whether there is
some nonlinear function fP that improves the correlation. If so, the quantitative
parameters of the model can be refined by modifying expression (3) accordingly,
obtaining the final nonlinear expression of the model (Ym):

Ym= fP(ccHB1xp1+B2xEN(p2)+--+Bnxpn) 4)

Thus, a corresponding scatterplot in (Karnitis G. et al., 2018) shows that the linear
trendline of the data points is slightly skewed with respect to the axis of symmetry in
case of urban SD. As a result, smaller fitted values of AHDIlin are generally slightly
above the corresponding AHDI values, while large fitted values are below them. Such
shifts indicate that the sigmoidal function is best-suited for improving the model. Several
S-shaped functions were checked to decrease the aforementioned offset.

The R plot of the final nonlinear model (Fig. 5b) shows an improvement of the model
quality in comparison with the one depicted in fig. 5a due to adding nonlinearity.
Thereby, a more exact weighting of KPIs has been achieved.

3.5. Stability and sustainability testing

As each Process evolves, the numerical values of KPIs are changing in observation
points. In addition to these justified changes, data holders are typically revising and
updating the raw data repeatedly in order to reflect reality more accurately. We checked
if and how these data changes affect the Process model, with respect to whether the
model is stable against such data variability.

The model of EU economies was created for 2008-2015, that was a period of hard
economic crisis, post-crisis recovery and return to sustainable growth (Karnitis et al.,
2017); there were very different preconditions for the progress in particular years of the
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period. Calculations, which were made for each year using the created joint regularity,
show a gradual increasing of correlation (Fig. 7a); it reflects the sustainability of both
EU innovation-driven economic policy and the model, as well as an increasing
convergence of the EU economics on the innovation-driven growth strategy. The fact
that a single functional regularity could be used for years of such diversity, even that the
regularity of deep crisis year 2008 could be used for growth year 2014 (Fig. 7b), attests
to the universality and sustainability of the model.
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Figure 7. (a) Correlations of fitted GDP pc models 2008-2015 and (b) coincidence of GDP pc
2014 vs model 2008.

To quantify the stability of the urban SD model (Karnitis et al., 2021) several
AHDImM5% control models were computed using the modified data, with 5% chosen as
the maximum level of random variability of the input data; 5% is close to the median
change in EU27 data over the previous 3 years. Of course, these changes have a
corresponding effect on the modelled assessment of each individual country; however,
the shift using models AHDIm and AHDIM5% does not exceed 0.2% across the EU27
countries.

Both cases clearly show that for practical applications annual calibration of models is
not necessary.

In the DESI case the direct quantitative comparison of models 2014-2017 and 2019-
2020 is impossible; nevertheless a qualitative comparison well reflects the compatibility
of both models. European Commission in 2021 strongly adjusted the approach to DESI
to reflect technological developments and the major political initiatives that impact
sustainable digital transformation of EU countries, namely, Green Deal, Recovery and
Resilience Facility and the 2030 Digital Decade Compass. The target function is
extended from economic to socioeconomic development. An increased number of
indicators is concentrated around four principal and interconnected policy areas: human
capital, connectivity, integration of digital technology and digital public services.
Particular attention is given to the fact that developments in DESI assessment should be
achieved through improvements in all four areas. It was worth to repeat DESI modelling
according to the updated indicator set and to compare the KPI selection with 2014-2017
for aforementioned policy areas; the data of 2019-2020 was used to avoid a possible
Covid-19 impact in 2021.

Inclusion of the indicator “ICT specialists” in both KPI scopes clearly indicates that a
lot of skilled ICT workers are necessary for socioeconomic development. As in 2017, the
deficiency of ICT workforce remains a pan-European long-term problem. On the other
hand, Internet use in 2020 in the EU27 countries has already become a common practice
in society and therefore it has lost its statistical significance.
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The connectivity to broadband networks (BB) should be evaluated as very valuable
enabler of digital transformation. Both our models recognized fixed BB as a key
technology, but technological development is perfectly reflected. Overall fixed BB
coverage was important in 2014-2017, while due to technological developments exactly
fast BB (NGA and VHCN) coverage became essential in 2021. On the other hand, the
average level of the fast BB coverage in EU27 has achieved 85% of the overall fixed BB
coverage; therefore the overall fixed BB coverage is no longer statistically significant
indicator and it was excluded from DESI structure [40]. Despite the good availability of
spectrum and stable y-o0-y growth of the mobile data traffic, mobile BB still has a small
weight in total broadband. 5G is still a technology of the future that has no significant
impact on socioeconomic development today.

Both the big data (large data massifs) and open data (general availability of data)
reflect the principles that have become strong enablers of any application and service in
both private and public sectors. They are a basis for business transactions; they
determine the current rapid spread of e-governance. Their selection justifies the
exclusion of the narrower parameter “Electronic information sharing” from the set of
indicators at the current level of development.

Sharply growing e-governance services on all levels (transnational, national,
municipal) is reflected by radically increased statistical significance of e-government
usage in 2019-2020.

In general, despite the drastic changes in the set of indicators, the heritability of the
choice of KPIs is visible; they represent all four policy areas in DESI 2021 approach.

4. Results and conclusions

The achieved accuracy of the Processes’ linear models, excellent correlations with the
real Processes and microscopic p-values of the models (Table 2) clearly demonstrate the
correctness of the trend of the current study and practical perspective of obtained results
and conclusions. Statistical significance of mathematically selected KPIs confirms that
these KPIs are the real drivers of the Processes.

Of course, an always linear causal relationship between the KPI and the process vari-
able cannot be expected; the location of the residuals in the R diagnostic plots is a
reliable indicator that model can be further refined, reducing the effect of existing
nonlinear causalities. One can see that by adding nonlinearity in the model numerical
characteristics are further improved (Table 3); the nonlinear model coincides better with
the actual values of target indicator in comparison with the linear one. Thus, a more
exact weighting of KPIs has been achieved.

Table 2. Parameters of the Processes’ models.

GDP pc 2008- DESI Heat transmission DESI
Model type Parameter 2015 20142017 costs 2017 CSDI2019 5019 2020
Indicators (x) 25 31 5 49 33
KPIs (n) 3 7 2 6 5
Coefficient of
Linear determination R2 0.9305 0.766 0.9636 0.9421 0.7506
p-value <2.2E-16 <2.2E-16 5.9E-13 2.5E-11 2.1E-13
Coefficient of 0.9747 0.9638

Non-lin.  determination R?
p-value 7.9E-16 <2.2E-16
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Varied tests show stability and sustainability of the models. For practical applications
annual update of the KPI set due to technological and/or economic development is not
necessary; this needs to be done with significant changes of the set of indicators ix (e.g.,
due to differences in DESI 2015 and DESI 2020 methodologies).

Table 3. Numerical characteristics of linear and non-linear urban SD models.

Number of residuals, whose value

Model R? p-value Residual standard error

>2.5% 1.5-2.5% <1.5%
Linear 0.9421 2.5x10™ 0.01472 2 8 17
Non-linear 0.9638 <2.2x10"° 0.01042 0 3 24

The developed universal methodology is a reasonable compromise between accu-
racy, stability, and simplicity, which is a strong advantage for the practical applica-tions.
KPIs and their weighting, found in this way, are mathematically computed, and
modelling quality (accuracy) is quantifiable. Likewise modelling takes into account the
complicated crosslinks between KPlIs, as well as the integrity and interplay of separate
action lines. Despite of the small number of selected KPlIs that are the key drivers of the
corresponding Process, the correlations between the modelled and the actual values of
the target indicator are very, even extremely strong. The convincing results have
obtained applying the mathematical calculation of KPIs; it shows a huge advantage over
the methodologies using the voluntarily selected set of indicators and their weighting.

The popular Pareto principle, which over time has even been called “universal truth”,
states that typically 20% of inputs determine 80% of outputs. The computed pilot
projects show that the described universal KPI computation methodology provides an
even better outcome. While the average number of KPIs is around 20% of number of
independent indicators (Table 2), the average degree of variability in the target variables
that is explained by the KPIs (i.e., R2) is close to 0.9.

The methodology is applicable for variety of Processes; currently we are working on
creation of models of the urban heating system for its management and renovation
programs to reduce CO2 emissions and to achieve the climate goals, set by EU package
“Fit for 55”.

Only mediocre programming skills are needed for the application of the
methodology. Its transparency, detailed description and open access to mathematical
expressions computed for reported cases provide an opportunity for Process management
to put the methodology into practice in order to monitor the achieved development level
of the Process in statics and dynamics, to see progress and backwardness in particular
aspects. It should be mentioned that KPIs reflect relevant action lines. This can be taken
into account in strategic planning and decision-making; it will undoubtedly constitute a
significant contribution to the Process development and management.

Based on the results of the study, the answer to the introductory question can be
formulated, as follows: yes, it is always desirable to obtain more data that provide new
data series for a comprehensive description of a particular Process from different aspects
and for increasing the number of observation points. For the practical use of large
amounts of data, it is recommended to find the KPIs driving the Process, using a
mathematical algorithm that provides an objective choice of KPIs. The larger the amount
of input data, the more accurate is the computation of KPIs and their weighting.
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Based on the results of the study, the answer to the introductory question can be
formulated: yes, it is always desirable to obtain more data that provide new data series
for a comprehensive description of a particular Process from different aspects and for
increasing number of observation points. For the practical use of large amounts of data,
it is recommended to find the KPIs driving the Process using a mathematical algorithm
that provides an objective choice of indicators. The larger the amount of input data, the
more accurate it is to define KPIs and their weighting. At the same time it can be
predicted that it will not be achievable the scope of KPIs that is fully adequate to the
Process; selection of KPIs is a simplification that cannot includes all nuances of the
Process. The model cannot be also an abstract representation of the data massif. The
analyst always should carefully justify if and why a relationship between two variables
has causality, do the existing relationships have predictive power for a new ones.
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