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Abstract. Key Performance Indicators (KPIs) operationalize ambigu-
ous enterprise goals into quantified variables with clear thresholds. Their
usefulness has been established in multiple domains yet it remains a diffi-
cult and error-prone task to find suitable KPIs for a given strategic goal.
A careful analysis of the literature on both strategic modeling, planning
and management reveals that this difficulty is due to a number of fac-
tors. Firstly, there is a general lack of adequate conceptualizations that
capture the subtle yet important differences between performance and
result indicators. Secondly, there is a lack of integration between mod-
elling and data analysis techniques that interleaves analysis with the
modeling process. In order to tackle these deficiencies, we propose an
approach for selecting explicitly KPIs and Key Result Indicators (KRIs).
Our approach is comprised of (i) a novel modeling language that exploits
the essential elements of indicators, covering KPIs, KRIs and measures,
(ii) a data mining-based analysis technique for providing data-driven
information about the elements in the model, thereby enabling domain
experts to validate the KPIs selected, and (iii) an iterative process that
guides the discovery and definition of indicators. In order to validate our
approach, we apply our proposal to a real case study on water manage-
ment.
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1 Introduction

Key Performance Indicators (KPIs) constitute a popular tool for monitoring the
performance of an enterprise [11]. KPIs translate ambiguous enterprise goals,
such as “Increase revenue”, into measurable ones with concrete thresholds, such
as “Revenue increased by 5 %”, which can be objectively assessed in order to
obtain a clear picture of the current status of an enterprise. However, whenever
KPIs are defined to monitor strategic goals in any area the same question arises
“is this an adequate KPI?” Answering this question is far from trivial.

First, the selection of a wrong KPI can have a severely detrimental effect for
an organization. A wrong KPI wastes resources in the wrong place and those
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responsible for its improvement develop a resilience over time to change the KPI
they are focusing on [14]. Second, even though domain experts do know their
business, once we start moving from measures related to results (e.g. number of
products sold) to measures related to actual performance it is no longer clear
which are the KPIs that the enterprise should focus on, their priorities and even
more, their interrelationships and influences [2]. This is aggravated by the fact
that value thresholds that should be established for each KPI are also unknown.
Third, although organizations within the same industry sector typically share a
common set of candidate KPIs [5], each of them actually operates in a slightly
different fashion and different priorities, leading to subtle yet significant differ-
ences in the KPIs they use.

In order to tackle this problem, in this paper we present an approach for
eliciting, assessing, and selecting KPIs and KRIs (Key Result Indicators). The
main objective of our proposal, is to establish a baseline for improving indicator
elicitation and selection, and it is comprised of the following contributions:

1. A modeling language that extends the expressivity of traditional models by
including KPIs, KRIs, and measures as first class citizens.

2. A data mining approach to analyze the relationship between indicators by
exploiting the conceptual model created by the domain experts.

3. A three step iterative process that covers the definition of the indicator map,
as well as its refinement and assessment through data analysis, thereby con-
necting objectives to data through data mining.

The rest of the paper is structured as follows. Section 2 describes related
work. Section 3 presents the proposed approach. Section 4 describes a case study
based on water management for the validation of the proposal. Finally, Sect. 5
presents the conclusions and directions for future works.

2 Related Work

There is a broad literature on performance indicators due to their attractiveness
as a monitoring tool. Strategic modeling works [6,8,10,13] treat KPIs are as a
quantification, with no distinction between performance and result indicators.
This is because strategic modeling provides the tools for representing indica-
tors, but their selection is responsibility of the domain expert and the business
strategy modeler. Management literature [4,7,11] aims to improve business man-
agement by providing tools to identify problems within organizations. It includes
numerous research works on the use of predefined set of indicators and their effec-
tiveness [1,4], as well as on the differentiation between lag (provides information
when the target has been met) versus lead (provides information ahead of time,
inaccurate) indicators [7]. The main drawback is that this knowledge has not
been mapped into formal models which can be used for analysis.

Aside from these disciplines it is worth mentioning data analysis approaches
[9,12]. These approaches are strongly data driven, with clear inputs and outputs
to a process where domain experts have limited interaction. They are effective
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but not flexible, which limits their application when there are additional factors
(e.g. recession) with no associated no data available.

As we can see, there has been a lot of interest on the topic of performance
indicators. However, the lack of adequate tools has maintained indicator selection
as one of the key problems in strategic management.

3 Eliciting and Selecting Business Indicators

Selecting adequate indicators for business objectives requires exploring the busi-
ness strategy together with domain experts, while providing data-driven insights
whenever confirmation or additional information is required. Therefore, the ideal
solution is an iterative approach that alternates conceptual modeling with data
analysis for enriching the strategic model obtained. Our proposal is a 3-step
iterative process, based on strategic modeling, data analysis, and model update.
In the following, we describe the main components involved in our process: the
modeling language and the analysis process.

3.1 Business Modeling and Indicator Metamodel

Business strategy modeling can be a very complex task. Existing modeling lan-
guages [6,10,13] include a large set of concepts that are required for analyzing
different aspects of the business strategy, such as dependencies across organiza-
tions, or the business mission and vision. However, these are unnecessary for the
task at hand and, additionally, do not provide the expressiveness required for
the indicator analysis. In order to keep the analysis simple, we propose a reduced
metamodel that can be integrated as an extension for any of the existing model-
ing languages. Our metamodel is shown in Fig. 1. In this Figure we can see the
following concepts included in the modeling language:

Fig. 1. Metamodel with the concepts and relationships for our modeling language
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1. Goals are desired state of affairs. They are included in pretty much every
strategic modeling language [6,10,13].

2. Relationships allow domain experts and analysts to express the expected
relationships between goals and, therefore, between their associated indica-
tors. They can be either contributions (with positive or negative effect) or
decomposition. In our language, relationships have the evidence property,
which captures the results from the analysis step showing whether the rela-
tionship is supported by the data or not.

3. Indicators measure the satisfaction of goals. In order to make indicators from
our model compatible with existing proposals [6,13] all indicators can have a
formula, current value, target value, threshold, worst value, and target time.
Furthermore they have a status, which provides information on the status of
the indicator with respect to the data. They are further specialized into three
types, not found in current modeling languages:
(a) Measures are the simplest form of indicators. They represent known for-

mulas for measuring business activities with no known targets or thresh-
olds. Their are potential as KPI and KRI candidates.

(b) Key Result Indicators are indicators which directly correlate with the
satisfaction of a goal. For example, “Increment in sales by 5 %” is a KRI,
since it provides information about the results of the business objective
“Increase sales”. Every KRI must have clear defined thresholds and val-
ues, and its usefulness comes from the capability to determine the exact
status of the associated business objective. However, compared to KPIs,
(i) KRIs always provide information at the same point in time when the
associated objective should be fulfilled and (ii) organizations cannot effect
KRIs directly. Following our examples, we cannot increase sales directly,
we have to effect them through promotions.

(c) Key Performance Indicators are indicators that measure the perfor-
mance of key activities related to KRIs. As KRIs, KPIs have clear defined
thresholds, but they may not have a target time since they can monitor
continuous tasks. For example, “Average response time under 3 days” is
a continuous task. KPIs are important for the company due to the ability
to effect them directly and, thus, indirectly effect their associated KRIs.
Therefore, if KRIs change, it is likely the set of KPIs also changes. Finally,
KPIs provide information ahead of time about the satisfaction of KRIs.
Intuitively, if we perform well, we will obtain good results. However, this
information is not accurate, as KPIs only measure a subset of the factors
influencing a KRI.

With this metamodel, we can construct strategic models focused on indica-
tors in collaboration with domain experts. The process for building the initial
strategic model is approached in a top-bottom fashion as follows. First, the main
objectives pursued by the organization are listed as top level goals. For each of
these top level goals assign a candidate KRI (if known) or a measure that quan-
tifies it. Next, using the information provided by the main objectives established
and the KRIs and measures, we start refining the goals. Goals that are coarse
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grained can be decomposed into simpler goals. Once we have simpler goals, we
can ask how/what are we doing (or plan to do) in order to achieve them, and
what effect these actions have any of the current goals in our strategic model.
The lower level goals obtained will be candidates to be monitored through KPIs.
Finally, any candidate KRI, KPI, or measure not related to any goal is listed
and included into the model with no relationship to the rest of elements.

3.2 Analysis

Indicators included in the strategic model represent specific formulas that allow
us to evaluate their behavior over time. However, quality data is often scarce,
and can be present in different formats. Therefore, we have defined a multi-step
analysis process that accounts for several challenges that can be found during
data analysis. Due to space constrains we mention only the key aspects.

If we have enough time data, then we start our time series by analyzing the
correlation between indicators, in order to obtain candidate relationships within
the data. These relationships are further analyzed though cross-correlation to
estimate the time difference between the behavior of one variable and its effect on
the other. Finally, we fit an ARIMA [3] to estimate the confidence and direction
of the relationship identified.

If there is not enough time data and instead we rely on large number of
instances with few time points, then we require simpler models. As previously, we
start by analyzing the correlation between indicators. Then, we generate multiple
linear regressions (one per region) in order to compare the behavior of indicators
across regions and confirm the existence and direction of the relationship. Finally,
we estimate the confidence of the relationship using simple sentinel-like rules [9].
These rules are calculated by using the difference in values across time for each
indicator and comparing if a positive (negative) value for the predicting indicator
results in a positive (negative) value for the affected indicator. Occurrences of
the same type (direct/inverse relationship) are added, while occurrences of the
opposite type subtract from each other.

The information obtained during the analysis is used to update the model in
order to feed the next iteration of the process. New contribution relationships
are added between goals whose indicator have a correlation with a confidence
rate higher than the threshold defined during model update. If there is no asso-
ciated goal, then a new goal is created with? As its description. The rest of the
modifications are omitted due to paper constraints. With the newly added infor-
mation, domain experts and analysts can begin the next iteration of the process,
by defining composite measures and re-designing the strategic model using the
newly obtained insights.

4 Case Study: Performance Indicators for Water Supply
Management

Water supply management companies focus on ensuring water supply to multiple
zones. It is a complex activity that involves multiple elements and processes.
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The water supply network incurs into loses, and must be renovated once critical
points are reached. However, finding the specific parts of the network that require
renovation is a challenging task, and thus entire blocks of the network have to
be renovated, which is costly. Therefore, in the following we apply our approach
in order to help the company explore their objectives and metrics and improve
both their performance monitoring as well as decision making.

We start with a simple indicator model depicting the high level goals pursued
and including the whole list of measures (cropped due to space constraints, and
mostly anonymized due to privacy reasons). The highest level goal is to provide
an efficient water supply, which does not have any known measure associated. In
order to track this high level objective, it is further decomposed into minimizing
water lost and improve network efficiency. In order to minimize water lost, intu-
itively the company wishes to minimize breakdowns and leaks, which are avoided
by maintaining the supply network and renovating it when needed. However,
renovating the supply network involves a costly process, and thus harms the
reduction of maintenance costs. With regards to improving network efficiency,
Measure 9 is proposed, which is related to the population density and cannot be
directly effected by the company. Therefore, no further goals are related to this
objective, which acts merely as a monitoring tool (Fig. 2).

Due to space constraints, we can only provide a summary of the data analysis
performed. For the first iteration of the analysis we start with 21 measures,
which contain yearly readings for the period of 2008 to 2014 (6 data points)
for 574 instances of the data. We start the preprocessing by extending the set
of measures, calculating water lost (not directly available), from water supplied
and water registered. Furthermore, due to the presence of missing values across
different measures, we remove Measure 15, which presents largest number of
missing values (382) and limits the application of statistical methods.

After performing the analysis, we identify a number of potential relation-
ships (see Fig. 3) between result indicators, generating new potential goals that
may be hidden and require exploration. Conversely, an initially expected rela-
tionship between Measure 14 and water lost is not supported by the data. This
indicates that we need to review either the way we are monitoring our goal. i.e.

Fig. 2. Subset of the initial model for our case study
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Fig. 3. Subset of the indicator model updated with data analysis results

how are we measuring breakdowns, or review the suitability of the relationship,
i.e. breakdowns not cause severe water loses? During the first step of the next
iteration we identified three relationships (Measures 12–16, 13–17, 20-water lost)
as not interesting, since the measures involved calculated in a similar fashion,
while another three relationships (4–5, 7–11, 19–20) were marked as of special
interest.

At the moment we gathering additional data that leads us to more insights,
but our approach has already successfully helped us to both simplify the initial
indicator list as well as enrich the strategic model.

5 Conclusions and Future Work

We have presented an iterative approach for the elicitation, assessment and selec-
tion of KPIs and KRIs. To the best of our knowledge, it is the first proposal that
explicitly includes the distinction between KPIs, KRIs, and measures within its
modeling language and exploits this information in order to drive the analysis.
Thanks to this information, our proposal enables domain experts to explore their
candidate indicators, helping them to iteratively build an indicator map that
reflects their priorities and is aligned with the results pursued. Furthermore, we
have applied our approach to a real case study based on the water management
sector, where we needed to elicit and select indicators for improving water effi-
ciency. As shown in the case study, the combination of strategic models together
with data analysis contributes greatly to progress in this search.

In the short term, we plan to focus on defining a methodology to cover the
whole process and improving the data analysis to detect more complex rela-
tionships between indicators. This will likely contribute to create more detailed
models and possibly extend the modeling language, where these complex rela-
tionships provide additional insights and ideas for domain experts.
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