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Abstract. Adaptive MCDA systematically supports the dynamic com-
bination of heterogeneous indicators to assess overall performance. The
method is completely generic and is currently adopted to undertake a
number of studies in the area of sustainability. The intrinsic heterogene-
ity characterizing this kind of analysis leads to a number of biases, which
need to be properly considered and understood to correctly interpret
computational results in context. While on one side the method provides
a comprehensive data-driven analysis framework, on the other side it in-
troduces a number of uncertainties that are object of discussion in this
paper. Uncertainty is approached holistically, meaning we address all un-
certainty aspects introduced by the computational method to deal with
the different biases. As extensively discussed in the paper, by identifying
the uncertainty associated with the different phases of the process and
by providing metrics to measure it, the interpretation of results can be
considered more consistent, transparent and, therefore, reliable.
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1 Introduction

There is an intrinsic relationship between decision theory [29] and uncertainty.
Indeed, uncertainty often characterises typical decision-making scenarios in dif-
ferent disciplines [34]. Intuitively, more uncertainty in a given context results in a
more difficult decision-making process in that context. Depending on the extent
in which decision theory is applied (e.g. under ignorance, risk), minimising the
uncertainty by adopting the different techniques to inform decision-making may
become a key factor for the whole decision-making process.

Such considerations evidently also apply to Multi-Criteria Decision Analysis
(MCDA) [30], whose methods are often integrated with explicit mechanisms or
models [8] to deal with uncertainty (e.g. [14]). The relevance of the different
uncertainty factors often suggests the combined use of MCDA and probablis-
tic approaches [10][33]. In general terms, the different applications of MCDA
deal with different kinds of uncertainty. Concrete examples are, among others,
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in the field of energy planning [6], waste-water infrastructure planning [35], as-
sessment of strategic options [23], healthcare [13][19], transport infrastructure
appraisal [5], sustainability assessment [7], life-cycle assessment [22] and marine
conservation [9].

In this paper we discuss the uncertainty associated with Adaptive MCDA
[21], which systematically supports the dynamic combination of heterogeneous
indicators to assess overall performance. Such a method is completely generic
and is currently adopted to undertake a number of studies in the area of sustain-
ability (e.g. [20]). The intrinsic heterogeneity characterizing this kind of analysis
leads to a number of biases, which need to be properly considered and under-
stood to correctly interpret computational results in context. While on one side
the method provides a comprehensive data-driven analysis framework, on the
other side it introduces a number of uncertainties that are object of discus-
sion in this paper. Uncertainty is approached holistically, meaning we address
all uncertainty aspects introduced by the computational method to deal with
the different biases. As extensively discussed in the paper, by identifying the
uncertainty associated with the different phases of the process and by provid-
ing metrics to measure it, the interpretation of results can be considered more
consistent, transparent and, therefore, reliable.

Previous Work. Adaptive MCDA is described in [21], while an application on
global sustainable development adopting such a method is proposed in [20]. The
proposed contribution is strongly related to previous work as (i) the uncertainty
analysis provided refers to Adaptive MCDA only and (ii) the case study on
sustainable development is used as practical example for uncertainty analysis.

Aims and Scope. This paper focuses on uncertainty analysis in Adaptive
MCDA. Such a topic is not addressed in previous work. Analysis and consid-
erations in the paper apply only to Adaptive MCDA, while a more generic un-
certainty analysis along the different MCDA techniques is out of the scope of
this paper.

Structure of the paper. The introductory part of the paper follows with
Section 2, which briefly addresses MCDA. The core part of the paper (Section 3)
deals with the uncertainty analysis in Adaptive MCDA, looking at a concrete
case study. As usual, the conclusions section provides a concise summary of the
contribution both with a brief outline of possible future work.

2 MCDA & Adaptive MCDA

MCDA is a consolidated concept within decision science, where MCDA-based
techniques aim to provide a more comprehensive decision framework to contrast
decisions based merely on intuition [25]. As many problems can be structured as
multi-criteria decision problems [11][18], MCDA proliferated in the past decades
by defining a relevant number of different approaches, methods and techniques.
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While MCDA can be holistically considered as a completely generic approach,
applications within the different domains resulted in a number of more specific
and fine-grained methods, as reported by different contributions in literature
(e.g. [16] in the area of sustanable and renewable energy and [17] for transporta-
tion systems). In [15], the authors reviewed the different techniques and their
application within the different disciplines, while an overview from a software
perspective is proposed in [32].

Adaptive MCDA is a relatively simple technique that, overall, aims to make
the weighting step as simple as possible by adapting computations to available
data. Additionally, the method is expected to provide a rich analysis frame-
work by combining multiple assessment metrics and visualizations in presence of
heterogeneity. This paper discusses uncertainty factors, metrics and mitigations
related to Adaptive MCDA, with emphasis on quantitative aspects and their
relationship with qualitative ones.

A more holistic discussion of uncertainty along the different MCDA tech-
niques could be complex and very articulated. It is out of the scope of this
paper.

3 Uncertainty Analysis in Adaptive MCDA

In this section we discuss the implications of Adaptive MCDA in terms of uncer-
tainty. We have identified two main kinds of uncertainty: one of them is associ-
ated with the need to weight the considered criteria, while the other one results
from the adaptive mechanism for parameter tuning to mitigate the numerical
differences among the different indicators. The two categories and the respective
metrics will be object of a separate discussion in the next subsections.

The experiments reported belong to the previously mentioned case study in
the field of sustainable global development. By adopting multiple configurations
that reflect different design decisions for the target case study, we point out the
meaning of the uncertainty in context and its quantification according to the
proposed metrics. The practical impact of such an uncertainty on final results and
interpretations can vary very much depending on the extent and the intent of the
considered case study. As the reference method allows customization and largely
relies on interpretations in context, understanding uncertainty becomes a critical
step for a correct computation set-up and result interpretation. More concretely,
the use case object of analysis includes six different indicators: Temperature
Anomaly [2], Life Expectancy [26][4], GDP x capita [3], People living in extreme
Poverty [28][24], People living in Democracy [27] and Terrorist attacks [1].

3.1 Uncertainty associated with Case Study Design: Indicator
Selection and Weighting

The meaning of the weights associated with the different criteria may vary very
much from case to case. Generally speaking, the weight set reflects some kind of
importance or relevance related to the indicators framework in a given context.
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However, while indicators themselves are somehow objective, yet not always
perfect, measures, weighting indicators in a specific context can be a much more
volatile and subjective concept. Indeed, depending on the intent and extent of
a given study, weights can be simply not relevant (i.e. - ”neutral” computations
that assume the same weight for all indicators are considered acceptable), can be
understood as static parameters estimated, measured or anyway known a priori,
as well as they can be considered as variables or their estimation may even be
the main purpose of the study (e.g. typical of Participatory Modelling [31][12]).

As weighting plays a very critical and key role to establish holistically the
performance of the target system and it can rarely be considered completely
objective, we assume an intrinsic uncertainty which reflects the potential vari-
ability of weights. Adaptive MCDA always proposes final computations taking
into account of such an uncertainty. Indeed, the result of a computation α(t)
at a given time i, that assumes a weight set from users, is integrated with ex-
treme computations, γ(t) and β(t), that adopt the weight sets that correspond,
respectively, to the best and the worst possible performance at the time i. Thus,
at the generic time i, it is always β(ti) ≤ α(ti) ≤ γ(ti). The Uncertainty Range
is defined as Range(ti) = {β(ti), γ(ti)}, while the resulting uncertainty ∆ is
measured as ∆(ti) = |β(ti)− γ(ti)|.

Looking at the six selected indicators, we consider different combinations of
indicators to define the different configurations of the experiment (Table 1).

Table 1: Configuration of the experiment to measure the uncertainty (∆) asso-
ciated with weighting.

UC Temp. Life Exp. GDP Pov. Dem. Terr. Range ∆(tMAX)

UC 1.1 X X X x x x -1450/1000 2450

UC 1.2 x x x X X X -7000/2550 9550

UC 1.3 x x X X X x 0/1075 1075

For each configuration we have computed the Uncertainty Range and∆. Both
metrics are reported in Table 1. As shown, even considering the same number
of indicators (3 indicators), the corresponding uncertainty varies notably for the
different cases: the second configuration presents a significantly high uncertainty
that is almost 5 times higher than in the first configuration and almost 10 times
higher than the one associated with the last configuration.

In order to fully understand the computation results also considering the
associated uncertainty as previously defined, the method’s output (Figure 1) is
always proposed in context.
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(a) UC 1.1

(b) UC 1.2

(c) UC 1.3

Fig. 1: Visualization of the uncertainty ∆ associated with weighting.
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The first two configurations (Figure 1a and 1b) present classical ranges,
meaning that, depending on the weight set adopted, the system may have posi-
tive or negative performance. However, the ∆ value is much higher for the second
configuration that is, therefore, characterised by an higher level of uncertainty.
The third configuration (Figure 1c) proposes a completely different pattern, as
the performance of the system can only be positive. Additionally, this use case
is associated with a significantly lower uncertainty.

Impact on results and interpretations . Weights play a key role in final
computations and, therefore, in the whole decision analysis process. Weighting
doesn’t necessarily raise uncertainty, as well as the potential impact of uncer-
tainty on results and interpretations may vary significantly from case to case.
The method discussed in this paper is based on the contextual interpretation
of the results computed. The results are always proposed both with extreme
computations (Figure 1) in order to provide a clear understanding of the range
of possible results as the function of the chosen weights set. The uncertainty as-
sociated with the weighting process may also be understood as a possible driver
factor to select target criteria, as the minimization of the uncertainty can be, at
least in theory, a way to have a more ”objective” and transparent analysis.

3.2 Numerical bias

An additional uncertainty is inducted by the Adaptive MCDA algorithm used
to mitigate numerical differences existing among heterogeneous indicators. Such
an adaptive algorithm is not always adopted as it is a user choice. It can be very
useful any time the target indicator framework presents strong differences in scale
among the different indicators. If not properly addressed by the computational
method, this numerical bias can make certain criteria as non-relevant in the
assessment of overall performance regardless of the weights associated.

Adaptive MCDA adopts a metric, which we refer to as distance, to estimate
the accuracy of the algorithm, as lower values correspond to higher accuracy. This
metric is associated with the neutral computation, that is a reference computation
which assumes the same weight wi = ŵ for the i target indicators. ŵ is normally
the average value over the allowed values for weighting (e.g. ŵ = 5 for the
range [0,10]). More concretely, it measures the distance between the neutral
computation function and the x-axis. Some visualizations assuming ŵ = 5 are
reported in Figure 3.

We adopt distance to assess the uncertainty introduced by the adaptive pa-
rameter tuning. In this case, uncertainty is mostly synonymous with precision.
Indeed, an ideal parameter tuning assumes distance = 0, while in fact such a
value is normally not null. It introduces an uncertainty in the computation which
is estimated by distance, which measures the distance between the current pa-
rameters tuning for computation and the ideal one.

The experiment proposed consists in the analysis of the four different con-
figurations as reported in Table 2. These configurations include all available
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indicators. The time frame for the analysis is 2000-2015 (16 points). The config-
urations differ from each other on the number of points considered (Figure 2).

Table 2: Summary of results for uncertainty associated with parameter tuning.

UC Temp. Life Exp. GDP Pov. Dem. Terr. Period #Points distance

UC 2.1 X X X X X X 2000-2015 2 ≈ 10

UC 2.2 X X X X X X 2000-2015 3 ≈ 100

UC 2.3 X X X X X X 2000-2015 5 ≈ 650

UC 2.4 X X X X X X 2000-2015 16 ≈ 2000

In general terms, considering more points contributes to have a more fine
grained analysis by providing a clearer and more detailed understanding of
trends. Reducing the number of points considered affects the analysis of trends.
The proper number of points to consider depends first of all on data availability
and can be normally considered very specific of a given case study. We assume
that many studies consider all available data so we expect a relatively high
number of points.

UC_2.4

UC_2.1

UC_2.2

UC_2.3

Temp. Anomaly Life Expectancy GDP Ext. Poverty Democracy Terrorism

Fig. 2: Configuration of the experiment to measure the uncertainty associated
with parameter tuning.
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Weights (User) = [8, 3, 1, 9, 9, 8]

Weights (Neutral Computation) = [5, 5, 5, 5, 5, 5] [Distance:10.0]

Fig. 3: UC 2.1

Weights (User) = [8, 3, 1, 9, 9, 8]

Weights (Neutral Computation) = [5, 5, 5, 5, 5, 5] [Distance:123.0]

Fig. 3: UC 2.2

Weights (Neutral Computation) = [5, 5, 5, 5, 5, 5]

Weights (User) = [8, 3, 1, 9, 9, 8]

[Distance:653.0]

Fig. 3: UC 2.3
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[Distance:1907.0]

Weights (User) = [8, 3, 1, 9, 9, 8]

Weights (Neutral Computation) = [5, 5, 5, 5, 5, 5]

Fig. 3: UC 2.4

Fig. 3: Visualization of the uncertainty (distance) introduced by the parameter
tuning algorithm.

Average values for distance resulting by computing the different configura-
tions are reported in Table 2, as well as a visualization is reported in Figure 3.
As expected, a lower number of points is associated with a lower uncertainty,
which indeed increases with the amount of data considered.

Impact on results and interpretations . This second uncertainty factor
is introduced by the computational method when the adaptive features to miti-
gate numerical biases are used. The method reflects an analysis framework which
always considers computations adopting user weights in relation to neutral com-
putations (Figure 3). When the target case study addresses a single system (e.g.
global development, or a single country or city), the concrete impact of this kind
of uncertainty on results and interpretations is normally limited and the neu-
tral computation is adopted just to establish how ”optimistic”/”pessimistic” a
given weights set is. However, when multiple systems/scenarios are considered
(e.g. some comparison based on a number of criteria among multiple countries
or cities), the uncertainty introduced by the adaptive algorithm becomes much
more relevant. In such kind of study, the final analysis needs to be conducted
looking at the distance between the user computation and the neutral compu-
tation. Indeed absolute values could be misleading as scales could be different
because of the algorithm.
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4 Conclusions and Future Work

In this paper we have analysed the uncertainty associated with Adaptive MCDA,
a method to systematically and dynamically combine heterogeneous indicators
to assess overall performance.

We have identified two main kinds of uncertainty related to the weighting of
criteria and to the mitigation of numerical bias. The former uncertainty factor
is a direct consequence of the weights relevance within the method, while the
latter is introduced by the adaptive features of the method.

As extensively discussed, such an uncertainty can be measured and compu-
tational results are always proposed in the context of the metrics associated.
Uncertainty can be understood in two possible ways: on one side, a clear under-
standing and quantification of uncertainty makes the analysis framework richer,
more accurate and transparent; on the other side, the minimization of uncer-
tainty can be considered as a valuable driver factor to design reasonable case
studies in terms of amount of data and heterogeneity.

Future work is still in the field of sustainability and aims at a more fine-
grained analysis. More concretely, Adaptive MCDA will be used to measure ex-
pected country resilience to situations of pandemic (e.g. COVID-19). Because
of the notable heterogeneity of criteria, we expect uncertainty to be even more
relevant than in the cases approached so far (global development).
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