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Abstract: The decision-making process is a knowledge-

intensive activity, supported by DSS, that warrants close 
monitoring in most enterprises to ensure its success. Numerous 
frameworks for the evaluation of DSS effectiveness were 
proposed in the literature. However, many use metrics that are 
survey-based to reflect users’ perception of the system’s value. 
Based on the premise that metrics should be as objective as 
possible, this paper proposes a learning metric that assess the 
cognitive effects of DSS and their impact on decision 
performance. Drawing from the current tendency of using DSS 
in e-learning platforms, we define a learning metric that includes 
factors such as time spent on tasks, decision-aids use versus 
cumulated personal experience from previous usage, regret 
avoidance, decision outcome, and decision rejection/acceptance 
from higher management. Based on a criteria application 
process, we validate the proposed metric by first specifying its 
intent of use to determine the appropriate validation criteria, then 
demonstrating its viability against these criteria. An experimental 
case study is conducted to further attest to the validity of the 
proposed learning metric. 
 

Keywords: DSS, DSS evaluation, user learning, metric 
validation 

I.INTRODUCTION 

The decision-making process is a knowledge-intensive 

activity where stakeholders use the knowledge 
representation of a specific issue within a business context 
to help them understand the problem and make adequate 
choices [2]. In this sense, understanding cognitive effects 
related to the use of DSS and their impact on decision 
performance is worthy of interest [3]. Traditionally, effects 
of DSS on users have been evaluated through the “User-
satisfaction” metric, defined by [4] as the extent to which an 
application contributes to users’ value creation within the 
organization. However, satisfaction is based on the level at 
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which a user perceives the value of the system and can only 
reflects a subjective stance of users towards the DSS 
effectiveness. In fact, disconfirmation theory [5] confirms 
that there is a disproportion between a user’s rating and the 
system’s expected performance. Which consequently affects 
the user’s actual satisfaction. Evaluating DSS needs to take 
into account the effect on users while considering metrics 
that are less subjective. This paper aims to explore the 
viability of user-learning as a metric for DSS evaluation.      

DSS provide the opportunity for decision makers to build 
on knowledge learnt from the decision process’ workflow 
and contribute to both implicit and intentional learning. 
They help improve the process of decision making through 
“Decisional guidance”, offering users directives and 
information [6] throughout their interactions with the 
system. Decisional guidance is the backbone for user 
learning and implementing strategies for problem-solving, 
but it also offers users a participative toolbox to help them 
identify essential information for decision-making. 
Improved user learning can thus be considered a crucial 
measure in DSS evaluation and should be incorporated in 
the evaluation process. This paper aims to define and 
validate user learning as a metric for DSS evaluation. For 
that purpose, it is organized in three sections: the first 
section defines the learning metric and its constituents, the 
second presents the metric’s validation process, and the 
third introduces an experiment to further validate the 
learning metric. The paper concludes with an outlook to 
future work.  

II.LEARNING IN DSS 

Learning theoreticians consider that individuals acquire 
and build knowledge out of their experiences and more 
specifically when they are involved in the activity of 
building objects/accomplishing missions [7, 8]. This active 
exploration leads them to develop a knowledge 
representation of the differences between their current state 
of learning and their accumulated experience. Learning is 
generally associated to social constructivism, since it 
happens in a social context. In such a context, individuals 
explore the environment by collaborating with others, 
reflecting and assimilating the aquired knowledge [9,10]. If 
we apply problem-based learning, case-based reasoning, and 
situated learning theories [11] to knowledge inciting 
systems (including DSS, Education-Games, e-learning 
platforms, etc..), we can argue that the user’s interaction 
with the system creates contextualized and authentic 
learning related to the accomplished tasks. Moreover, the 
skills acquired are transferable 
to future situations [12]. 
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Drawing from the current tendency of embedding DSS in 
e-learning platforms [13,14], we adapted a number of 
factors that reflect the progression of users learning. These 
factors include, and are not limited to, time spent on tasks, 
decision aids use versus cumulated personal experience 
from previous usage, regret avoidance, decision outcome, 
and decision rejection/acceptance from higher management 
[15]:  

▪ Time: Average time spent on tasks; this element is the 
only one to represent the time factor. It refers to the element 
of speed processing and is also an indicator of memory 
performance. 

▪ Decision aids use: Represented by the frequency of 
simulation scenarios used and the frequency of external 
links clicks. The main purpose was to quantify how much 
the user tends to rely on his previous experiences with the 
system in similar scenarios. 

▪ Regret avoidance: calculated based on the number of 
decision withdrawals by the user before it reaches higher 
management, indicating the regret or confidence. 

▪ Process quality: Based on the Number of decision process 
steps that the user creates. An efficient process includes an 
inferior number of steps. 

▪ Decision Outcome: Indicated by the number of decisions 
that were rejected by a hierarchical authority due to errors 
and incoherence. It represents the key element in dynamic 
assessment. 

▪ Decision acceptance and rejection: Number of decisions 
sent back for further details/clarifications/corrections, also a 
way for dynamic assessments. 

The factors can be adapted to the system at hand, are 
measured through the monitoring of DSS usage (log data), 
and are later aggregated to constitute the proposed learning 
metric.   

III.LEARNING METRIC VALIDATION PROCESS 

In the perspective of incorporating learning in the 
evaluation process of DSS, we choose to proceed to 
validating learning as a software metric. The rationale being 
that what applies to Information systems should apply to 
their subcategories as well. For the research community, a 
metric can be considered valid when it is found acceptable 
according to its use intent. Hence the defining of the 
intended use is very critical to the metric validation process. 
[16]. Meneely et Al. introduced a criteria application 
process based on a matrix combining the criteria and their 
advantages of use [16]. Choosing the appropriate validation 
criteria for a metric is a process that begins with defining the 
purpose of use for the metric related to the context of the 
evaluation activity. After that, their matrix is used to 
highlight the advantages that are related to the defined intent 
of use and hence extract criteria that are tied to the chosen 
advantages. The remaining task will be demonstrating the 
viability of the metric against these criteria. Table I presents 
the mapping of criteria with their advantages for the 
learning metric. The process is applied on the proposed 
Learning metric in order to confirm its viability for DSS 
evaluation. 

IV.LEARNING AS A METRIC 

A. Intent of Use 

The intent of use for learning as a metric/measure for 
evaluating DSS is reducing the subjectivity of the user 
related metrics in an evaluation process. From a software 
conception perspective, our intent is improving DSS’s 
capability to incorporate rich knowledge-intensive content 
to its users.  

B. Defining advantages 

Once the intended use is determined, specific properties that 
are appropriate to the metric can be inferred. These 
properties are called advantages, and for the proposed 
learning metric can be summarized as follows: 

▪ Mathematical Soundness: It’s the ability of the metric to 
endure mathematical operations without misrepresenting 
the attribute. 

▪ Practicality: A metric is being practical when it can be 
effectively used in a software development project. 

▪ Correctness: Being able to get correct values of the 
criteria that represent the metric. 

▪ Difference-Detecting: The values resulting in 
incorporating the metric must indicate significant 
differences between the use cases. 

▪ Meaningfulness: reflects the existence of a conceptual 
relationship between the measured attribute and the 
metric that is easy to understand and intuitive. 

▪ Quality-Focused: Criteria related to this advantage 
indicate that the metric has an intent to improve the 
quality of the software. 

C. Deducing criteria 

After defining the advantages related to the metric of 
learning, we can identify the criteria associated with these 
advantages. The criteria are then marked as applicable to our 
context or not. The results are represented in Table II. 

In order to validate the following criteria: Dimensional 
Consistency, Interaction Sensitivity, Non-uniformity, 
Actionability, Causal Relationship Validity, Usability, 
Instrument Validity, Non-collinearity; a case study had been 
conducted to confirm the validity of learning as a software 
metric and is presented in the next sections. 

V.EXPERIMENTAL VALIDATION 

For the sake of validating our proposed metric, we 
assessed learning on a corporate DSS called PLAFIN, based 
on the usage data. PLAFIN was implemented within the 
company to support the organization-wide budget allocation 
process and global financial decisions. The system is 
equipped with various functionalities supporting users in 
selecting, aggregating, estimating, simulating, equalizing 
and optimizing financial information. Users can consult 
financial transactions on a daily basis and/or explore 
historical transactions, make budget simulations and 
conduct what-if analyses, make decisions and forward them 
to hierarchical authority within the organization for 
consolidation and final 
approval.  
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Table I: Mapping from Criteria to Advantages 
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TableII: Criteria applicable to Learning as a metric 
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The system is also equipped with a process management 
module to manage the group decision-making processes and 
collect/consolidate decisions made across the organization. 

The learning metric was computed based on the following 
factors: Number of steps, number of errors, time on task, 
withdrawals, external clicks, simulation use, sent-backs.  

In order to monitor learning evolution, we establish an 
overall score formula (1) based on these factors and their 
corresponding weights, in a given period of time. The 
weights were defined in a way that reflects the importance 
of the factors as illustrated in the literature. 

 
𝐹𝑜𝑀 = 1/∑𝑊(𝑖) ∗ 𝐸(𝑖)   With   ∑𝑊(𝑖) = 1     (1) 

This overall score designated “figure of merit (FoM)” 
constitutes a user’s learning score in a given time interval. 
Larger values indicate that learning progress is considerable. 
From the formula, and according to feedback from domain 
experts, we drew the conclusion that the learning metric 
exhibits dimensional consistency, usability, instrument 
validity, and is linear over time.  

An ETL process has been developed to collect the usage 
data of the DSS corresponding to stakeholders involved in 
the decision-making process on a 2 years period, extract the 
relevant data, then compute and store the learning scores. 
(Figure 1). 

Figure 1. Collecting usage data and computing FoMx 

V.RESULTS 

We observed the evolution of user’s scores each quarter 
for six quarters of regular system use. The learning scores 
were computed for each user then combined for a global 
view on the effects of system use. Average, median and 
mean values were calculated to check the overall evolution 
of the learning scores over time periods for all the users, 
values are shown in Table III. 

Table - III.  Scoring values for period 2016/Q1 to 
2017/Q2 

Period of 
Evaluation 

Median Average 
score 

Standard 
Deviation 

2016/Q1 11.12 10.66 2.11 

2016/Q2 11.12 11.74 1.72 

2016/Q3 12.95 14.39 1.93 

2016/Q4 14.79 16.34 1.62 

2017/Q1 20.06 19.70 1.02 

2017/Q2 23.22 22.75 1.23 

 
The results indicated that the computed learning score has 

augmented over time for all DSS’ active users.  The metric 

exhibits non-uniformity as it produces various values for at 
different entities. It also helps infer recommendations for 
action, which reveals its actionability. The metric’s 
interaction sensitivity, causal relationship validity and non-
collinearity have been demonstrated in a prior work [17]. 

VI.CONCLUSION 

The increasing complexity of organizational management, 
the rising flow of information, and the variety of business 
areas make the investment in DSS costly and risky and drive 
the need of evaluation frameworks that address 
effectiveness and efficiency. Global frameworks capable of 
providing a holistic view on the performance of such 
systems are hence required. The aim of this research was to 
contribute to the ongoing discussion on DSS success, by 
defining a new evaluation criteria that will later be included 
in a global evaluation framework. The proposed Learning 
metric is built on the premise that a successful DSS 
implementation should positively impact the usage 
frequency and cognitive capabilities of users. Which should 
lead to an improvement of the overall decision-making 
process and outcome. We thus defined a metric that 
accounts for learning factors such as: Number of steps, 
number of errors, time on task, withdrawals, external clicks, 
simulation use, and sent-backs.  We then addressed the 
validation of the learning metric using a criteria application 
process that maps the relevant validation criteria with the 
properties of the metric then demonstrates its viability 
against these criteria. We found that the proposed learning 
metric exhibits dimensional consistency, usability, 
instrument validity, non-uniformity, actionability, and is 
linear over time. An experiment was also conducted to 
further demonstrate the validity of the metric in a business 
context. Although, throughout our experiment, experts 
feedback has confirmed that the metric is viable, it is worth 
mentioning that our experiment concerns users of similar 
backgrounds. Some extra-work is needed to widen the scope 
of the theory and strengthen the generalizability of the 
findings. It is in our perspectives to test and validate the 
metric in more diversified environments, including a 
controlled group to be used as a benchmark against which 
our results will be measured. 
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