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Abstract 
ISR methodologies are roadmaps for infor-

mation systems research that are adapted to chosen 
contexts and state-of-the-art theory to develop IS 
support that can give best possible guidance for (of-
ten consequential) managerial decisions. The paper 
works out guidance for efficient, effective or expli-
cable management decisions. The general principles 
and the development history – from the early days of 
Operational Research and Management Science to 
digital ecosystem platforms for management – show 
how requirements on ISR methodology have evolved. 
An ISR methodology for the 2030’es will still rest on 
the decision analysis tradition to support efficient 
and effective managerial decisions in relevant prob-
lem-solving contexts. The flexibility and ideology of 
decision support systems will prevail to show how 
operating managers can boost performance with IS 
instruments, tools and technology. Digital ecosystem 
platforms that support the use of reasoning artificial 
intelligence will continue, expand and improve on 
the DSS ideology. 
Keywords IS support, decision support systems, de-
cision analysis and analytics, digital ecosystem plat-
forms. 

1. Introduction
Management makes decisions, and will have to

answer for the consequences, either the loss of a ma-
jor opportunity or the cost of a failed, major alloca-
tion of resources. Lessons from major managerial 
decisions that did not work out as expected - or 
promised - have been collected in industrial projects 
over more than two decades (cf. Carlsson, 2018, 
2019, for some examples). Management seeks guid-
ance for their decisions to make sure that they are 
efficient, effective and explicable (cf. Zeleny, 1982). 
The meanings of these criteria have changed a few 
times during the last four decades, but basically 
management decisions should be the best possible 
for the time and the context (efficient), they should 
be operational and relevant for the individual, group 
or organization that should carry them out (effective) 
and they should be logically consistent when met 
with  unforeseen or unexpected developments and 
negative criticism (explicable). The defining pur-
pose of Information Systems as an academic disci-
pline is to understand and improve the ways people 
create value with information (cf. Nunamaker et al, 
2011). Information systems research (ISR) strives to 

create, develop and offer theory- and information 
technology-based platforms that can support mana-
gerial decisions with time- and context-relevant 
data, information and knowledge; the research is 
quite often described in three stages: proof of con-
cept, proof of value and proof of use (cf. Nunamaker 
et al, 2015).  

The prevailing ISR methodology has been built 
on decision analysis and design science for the crea-
tion, development and use of decision support sys-
tems, which have been major contributions to better 
decisions and enhanced productivity in (e.g.) trans-
portation, finance, health care, education, cyber se-
curity, etc. The common denominator in most re-
search inquiries is the build-up of human cognitive 
power when using the analytic capabilities of com-
puters as support (cf. Abbasi et al, 2024). 

The rapid development of artificial and compu-
tational intelligence is challenging the assumption 
that only human cognitive power matters as these 
technologies can learn and build new cognitive 
skills. Decision makers still carry full responsibility 
for the decisions and the consequences they bring. 
Decision analytics was developed as a partial re-
sponse to the emergence of intelligent, analytic tech-
nologies (cf. Mezei and Brunelli, 2016). It is now 
clear that such pursuit is not enough: new principles 
and guidelines are needed for ISR methodologies in 
the 2030’es as the cognitive capabilities of AI tech-
nologies grows (cf. Mentxaka, O. et al, 2025).The 
new principles and guidelines will evolve from and 
build on new forms and levels of cognitive power to 
accumulate innovative elements of decision analyt-
ics, artificial and computational intelligence.  

An ISR methodology – a roadmap for infor-
mation systems research – needs to adapt to the con-
text and state-of-the-art theory to develop and offer 
best possible guidance for (often critical or conse-
quential) managerial decisions. We will first work 
out and compare the guidance worked out and of-
fered in classical decision analysis with guidance 
given with instruments of decision support systems. 

Analytics or Decision Analysis (DA) (or Oper-
ational Research (OR)/Management Science (MS)) 
was an early approach to efficient managerial deci-
sion making.  DA builds on classical mathematics; 
linear programming with the simplex algorithm (cf. 
Dantzig, 1951) and offered solutions to real-world 
problems that can be modelled with linear objective 
functions and linear constraints. The programming 
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methods helped formulate operational research as 
“scientific methods of providing executive depart-
ments with a quantitative basis for decisions regard-
ing the operations under their control” (cf. Morse 
and Kimball, 1951). The field quickly expanded to 
new forms of programming – goal, integer, multi-
objective, stochastic, etc. – with more developed al-
gorithmic support from computers. DA now oper-
ates with computer supported algorithms that offer 
possibilities to solve very large problems with hun-
dreds of decision variables and constraints that make 
DA relevant for handling and solving realistic indus-
trial problems (cf. Nunamaker et al, 2015). Never-
theless, DA now also gets critical evaluations as not 
being very helpful – a guide to best decisions using 
DA models that with core theory handles “uncertain-
ties through subjective probabilities for which the 
decision maker’s attitude to risk is represented by 
utility functions and the attitude to trade-offs be-
tween conflicting aspirations are expressed with 
multi-attribute value or multi-attribute utility func-
tions” (Wikipedia, non-technical, popular, now com-
mon sense understanding). Thus, a popular under-
standing is that at the core of DA there is (non-prac-
tical) multi-attribute utility theory to guide manage-
rial decisions. Nevertheless, DA built a tradition of 
efficient managerial decision making in situations 
which are too complex to be handled with experi-
ence and intuition. 

Analytics or DA/OR/MS has not been a major 
focal point of interest for the Information Systems 
(IS) communities as they are represented at HICSS, 
ICIS, ECIS, ACIS and PACIS. This is surprising, as 
analytics is a versatile and effective methodology to 
handle large and complex industrial and business 
problems. We also have a tradition in the IS field—
since the early days of Decision Support Systems 
(cf. Keen, 1987; Sprague and Watson, 1993)—that 
we should be able to support managers in their work 
on complex problems and in their quest to build an 
understanding with analysed and verified facts. Dig-
italisation is bringing big data (or “fast data” for 
streaming big data) in the 2000’s, which more re-
cently has been claimed to make it impossible to use 
analytics as huge amounts of data make the algo-
rithms impossible or impractical to use—or it will 
take too much time as fast decision making in almost 
real-time is a necessity in the digital economy (“the 
fast eat the slow” as the slogan goes). As a counter 
argument, in decision analytics we argue that if there 
is time to make bad decisions it should also be time 
to make good decisions—we only need to know how 
and what tools to use. 

Shortcomings and critical counterexamples have 
generated reinterpretations of DA and introduced 
mathematically and computationally more powerful 
methods and algorithms (cf. Mezei et al, 2017) to 
meet the challenges from large, complex problems 
of dynamic, interactive elements (cf. Gass and 

Assad, 2014). This development offered new and de-
veloped, formal frameworks for important manage-
ment decisions from the 1980’es through the 
2020’es. The DA theoreticians were not over-
whelmed by the thousands of success stories … 
“while there may occasionally be justification for 
such methods in applications (e.g., based on ease of 
use), decision analysts would argue for multi-attrib-
ute utility theory as the gold standard to which other 
methods should be compared, based on its rigorous 
axiomatic basis” (Wikipedia, non-technical, popu-
lar, again common sense understanding). The devel-
opment of decision support systems (DSS) took is-
sue with the necessity and requirements for a rigor-
ous axiomatic basis. 

The origins of the methodology and the infor-
mation systems platforms for decision support sys-
tems (DSS) are often quoted as coming from Keen’s 
and Scott Morton’s (1978) linking of management 
activities with Simon’s and Newell’s (1958) descrip-
tion of decisions in terms of structured, unstructured, 
and semi-structured activities and processes. Deci-
sion processes are structured in terms of intelligence 
(“the search for problems”), design (“development 
of alternatives”) and choice (“analysing alternatives 
and choosing one for implementation”). In the early 
days a DSS was developed to deal with a problem in 
which at least some stage was semi-structured and 
where the judgment of the decision-maker was 
brought to bear on the semi-structured part. A DSS 
was described as a human–machine, problem-solv-
ing system that aims for effective decisions, as the 
decision-makers could work with computer support 
to work out problems and find solutions they could 
understand and apply. This was progress from the 
DA insistence to anchor models and problem-solv-
ing in multi-attribute utility theory (cf. Shim et al, 
2002). 

A key feature of DSS was that once the problem 
is recognized, it is defined in terms that facilitate the 
creation of models that a decision-maker can under-
stand and use (cf. Bonchek et al, 1981). This is now 
guided by the design science methodology (cf. He-
vner et al, 2004), that helps developing decision 
models through successive iterations of improved 
constructs based on feedback from users. The focus 
is on decision-makers, i.e. different from research in 
DA that concentrated on development of new algo-
rithms to solve problems faster; as such, as often 
pointed out, that does not help decision-makers if 
they cannot understand the results and use the algo-
rithms. 

 Developments in DSS added supporting fea-
tures that contributed to progress in information sys-
tems (cf. Shim et al, (2002): (i) sophisticated data-
base management capabilities with access to internal 
and external data, information, and knowledge, (ii) 
powerful modelling functions accessed by a model 
management system, and (iii) powerful, yet simple 
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user interface designs that enable interactive queries, 
reporting, and graphing functions. DSS software de-
velopers incorporated advances in solution algo-
rithms quite quickly (a bit contrary to prevailing 
DSS ideology), making use of DA research to let us-
ers benefit from enhancements. DSS solution soft-
ware includes metaheuristics (which include tabu 
search, genetic algorithms, simulated annealing, 
neural networks, etc.) to solve combinatorial prob-
lems (cf. Mezei et al, 2017) and combine techniques 
from artificial intelligence (cf. Carlsson, 2019) with 
analytics to attack large (and much larger) problems. 
Modern DSS also benefits from rapid development 
of human-computer interfacing, research focusing 
on graphical user interfaces, moving towards mobile 
phones and wireless devices to dramatically increase 
the accessibility of the tools for decision-makers 
wherever they may be (cf. Makkonen, et al, 2020). 

As the next section we will work out and illus-
trate ISR methodological choices with some mana-
gerial problems and decisions that do not easily yield 
to intuition and visions — real options and the de-
velopment of fuzzy real options.  

2. Real Options and Fuzzy Real Options 
We have chosen a specific context, real options, 

that offers challenges to managerial problem solving 
and decision making (cf. Collan et al, 2016), to work 
out the alternatives for an ISR methodology in more 
detail. We will work out how decisions made on and 
in connection with real options can be made effi-
cient, effective and explicable. Decision analysis and 
decision analytics would be useful at the core of in-
formation systems support to guide management to 
decisions they can understand and use and would 
also be useful on digital ecosystem platforms for 
next generations of efficient, effective and explica-
ble decision support. 

Some of the more intellectually challenging and 
risk-defined situations for decision makers occur 
when dealing with options. In the financial world 
options describe and represent the right to buy or sell 
a financial value, mostly a stock at an exercise price 
determined by the market but without any obligation 
to do so (cf. Carlsson and Fuller, 2003). You exercise 
the option if the underlying value is higher than the 
exercise price (call option, the right to buy) or lower 
than the exercise price (put option, the right to sell). 
In ground-breaking work, Black and Scholes (1973) 
derived a class of differential equations that shows 
the price of any derivative security dependent on a 
non-dividend paying stock. Real options are based 
on the same principles as financial options, but the 
options involve “real” assets - to have the possibility 
for a certain period to either choose for or against 
making an investment decision, without binding 
oneself up front (cf. Merton, 1973). The original 
work on financial and real options formed a 

conceptual framework for managers to understand 
options; this again formed business opportunities. 
The real option rule is that “one should invest today 
only if the net present value is high enough to com-
pensate for giving up the value of the option to wait”. 
Because the option to invest loses its value if the in-
vestment is made, the loss is an opportunity cost of 
investing. The main question for a deferrable invest-
ment opportunity is: “how long do we postpone the 
investment, if we can postpone it, up to T time peri-
ods”? Formulated in this way it is a risk-prone and 
increasingly hard decision as there is uncertainty 
about the future outcome of the investment (cf. Col-
lan and Luukka, 2025, for recent updates to real op-
tions modelling).  

Nevertheless, management must decide on the 
option, and will have to answer for the conse-
quences, either the loss of a major opportunity or the 
cost of a failed, major investment. Management typ-
ically would  seek guidance from classical DA meth-
ods like NPV (net present value) or DCF (discounted 
cash flow). This does not help much as DA methods 
advise to discount sufficiently for external uncer-
tainty which may cancel interesting and innovative 
projects with expected (but uncertain) cash flows 
that become active in some future. Intuition and past 
experience do not offer much guidance for situations 
that require analytical insight (cf. Collan and 
Luukka, 2016). 

Following Leslie and Michaels (1997), real op-
tions can be constructed using option theory. Real 
option valuation (ROV) works out future uncertain- 
ties in ways which are quite different from the tradi-
tional NPV or DCF methods.  

The real option valuation (ROV) has the follow-
ing form, 

ROV = S0e−δT N(d1) − Xe−rT N(d2)     (1) 

d1 = (ln(S0/X) + (r − δ + σ2/2)T)/ σ√ T , d2 = d1 
− σ√ T 

ROV denotes the current real option value, S0 is the 
present value of expected cash flows, X is the 
(nominal) value of fixed costs, σ quantifies the 
uncertainty of expected cash flows, and δ denotes 
the value lost over the duration of the option. The 
ROV theory offers understanding of how to tackle 
uncertainty and also optimal guidance for the time to 
exercise an option in the context of future cash 
flows, expected value of fixed costs and estimated 
uncertainties. The real option valuation is precise 
and offers efficient and explicable guidance (based 
on valid real options theory). 

Working out real option valuations (they may 
want to try several options) management will get 
guidance for  their decisions to exercise options to 
invest, or to postpone investments, and if so to post-
pone them T time periods. The problem appears to 
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be that management will have challenges to see the 
meaning of an abstract “current real option” or to 
verify that it is correct. ISR contributions offer plat-
forms to make ROV models, as the one in (1), un-
derstandable, to help managers with running several 
options that build on available data sets and to inter-
pret and explain the results (e.g. to a sceptical board 
or a potential, major strategic partner).  

Decision analytics represents a shift in focus 
from both DA and DSS with themes like big data, 
machine learning, business and service analytics, 
gamification, virtual and augmented reality, visual 
decision analytics, soft computing, explainable AI, 
etc. which are described as “hot topics” by the Deci-
sion Analytics Track at HICSS (with 30+ mini 
tracks). Decision analytics aim to develop and 
deliver critical data, information and knowledge for 
management and decision-making (not unlike DA 
and DSS but now with innovative, more advanced 
theory and technology, cf. Carlsson, 2018). With de-
cision analytics the platform offered through ISR 
contributions is much stronger (compared with DA) 
on (big) data support, offers libraries of models with 
working algorithms, explainable AI and visual tools 
that help to interpret and explain results (cf. Sarker 
et al, 2025). 

Decision analytics invites new approaches to 
deal with the dilemma of uncertainties. Lotfi Zadeh 
(in an HICSS keynote address) observed that “you 
can increase precision if you are willing to give up 
on relevance or you can increase relevance if you 
are willing to give up on precision, but you cannot 
do both at the same time”. It turns out that this can 
be given forms that managers can work with to 
tackle uncertainty in real options valuation (for a 
comprehensive summary of fuzzy logic and mathe-
matics, cf. Belohlavek et al, 2017). The most possi-
ble values of the present value of expected cash 
flows lie in the interval [s1, s2], which is the core of 
the trapezoidal fuzzy number Ŝ0 = (s1, s2, α, β); 
(s2+β) is the upward potential and (s1−α) is the 
downward potential for the present value of 
expected cash flows. The expected costs are esti-
mated by using a trapezoidal possibility distribution 
(cf. Collan and Luukka, 2025) of the form Ĥ = (h1, 
h2, α0, β0). 

FROV = Ŝ0 e−δT N(d1) – Ĥe−rT N(d2) (2) 

d1 = (ln (E(Ŝ0) / E(Ĥ)) + (r − δ + σ2/2)T) / σ√ T  
d2 = d1 − σ√ T 

where, E(Ŝ0) denotes the possibilistic mean value of 
the present value of expected cash flows, E(Ĥ) 
stands for the possibilistic mean value of expected 
costs and σ := σ(Ŝ0) is the possibilistic variance of 
the present value of expected cash flows. The FROV 
model and theory now offer a set of guidance alter-
natives for the optimal time to exercise an option in 
the context of possibilistic future cash flows, possi-
bilistic values of fixed costs and possibilistic 

variances. The fuzzy real option valuation is pre-
sented as an interval and offers guidance that is ef-
fective and explicable (theory-based and validated 
experimentally) for decision makers (cf. Collan and 
Luukka, 2025). The FROV model meets the chal-
lenges of precision with the classical ROV model 
and offers managers opportunities to express reason-
able variations in expected costs and future cash 
flows (taking steps towards gains in relevance).  

It actually turns out that if the probabilistic 
density function, as in model (1), and the derived 
possibility distributions of Ŝ0 = (S0, 1) and Ĥ = (X, 
1), as in model (2), are of symmetric triangular form, 
then ROV = E(FROV), that is, the probabilistic real 
option value coincides with the possibilistic expec-
ted value of the fuzzy real option (cf. Carlsson and 
Fuller, 2003), which satisfies the defenders of clas-
sical DA theory. In the general case, possibility 
distributions do not satisfy the properties of 
probabilistic density functions (probability density 
functions are mostly sub-normal), therefore ROV 
and E(FROV) can not be compared, since one of 
them may not be defined. Rigorous probabilistic un-
certainty estimates are replaced with upward and 
downward potentials at selected points of time in [1, 
T] to give managers tools for experience and intui-
tive insights to work out reasonable variations for in-
vestment options. There is still the challenge to get 
managers to adopt and use tools like possibility dis-
tributions. Nunamaker et al, (2015) recommend a 
three-stage process in ISR to “sell” research meth-
ods, models and results to managers: (i) proof of 
concept, (ii) proof of value and (iii) proof of use. 
This serves the purpose of “going the last mile” to 
make sure that ISR theory, models, findings and re-
sults make it to actual problem-solving and deci-
sions in management. 

Decision analytics has gained in importance in 
business and industry over the last 10-12 years (cf. 
Sinuany-Stern, 2023), but the build-up of increa-
singly advanced algorithms also meets with 
resistance; senior managers and executives are not 
comfortable with elements of black boxes (advanced 
algorithms they cannot understand or use) and the 
use of models with elements of computational intel-
ligence, soft computing and smart systems (cf. 
Morente-Molinera et al, 2016) in planning, problem 
solving and decision making.  

Managers, experts, knowledge workers, systems 
developers, etc. in the 2020s are different from 
earlier DA and DSS users, with different expecta-
tions and requirements on functionality from support 
technology and problem-solving support (cf. Kahne-
man, 2011, for calibration of  the processes of the 
idea of “Thinking fast and slow”). Technological 
proficiency levels of IS users have mainly improved 
and appears to continue to improve (Hill,  2022, 
found in a study involving 1500 executives in 90 
countries that “adaptability is the most important 
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leadership quality”). Nevertheless, the proficiency 
may not be enough to fully make use of new ad-
vances in technology and information systems sup-
port. Early DSS support could not offer any insight 
on “fuzzy real option valuation” (cf. the models in 
(2)), besides the fact that we deal with differential 
equations on uncertainty for a flexible time horizon 
and the IS support mostly demonstrated expected 
cash flows, expected costs and simulated fuzzy real 
options values. Nevertheless, experience with indus-
trial projects show that we could get more relevant 
and effective guidance for managerial decisions by 
including imprecision in decision analytics with pos-
sibilistic modelling (cf. Kahneman, (2011), who also 
points to imprecision). 

Work on FROV modelling and use, in close co-
operation with the planned users of real options in a 
series of industrial projects (cf. Mezei and Brunelli, 
2016), found much use for design science (cf. He-
vner et al, 2004) as a methodology (supporting deci-
sion analytics, cf. Carlsson, 2012) for capturing the 
needs and problems of actual planning and decision 
making. Actual needs for practical decision support 
have paved the way for design science in support 
systems for which decision analytics contributes 
optimization and intelligent systems algorithms (cf. 
Morente-Molinera et al, 2016).  

3. Digital Ecosystems and Reasoning 
Model Intelligence 

In the following, (cf. fig.1), we will introduce an 
outline of a new form of platform for decision ana-
lytics, a digital ecosystem called TE-DW for fuzzy 
real options valuation. We will work through the 
framework and test how design science as an ISR 
methodology contributes to the platform and how 
the platform offers support for decision analytics.  

A digital ecosystem connects multiple, typically 
independent assets for their mutual support and 
value-adding. It is based on the provision of digital 
ecosystem services via digital platforms that enable 
scaling and the exploitation of positive network ef-
fects. A digital ecosystem service is characterized by 
a brokering activity that enables the exchange of as-
sets. An asset broker onboards and matches the as-
sets to enable digital fulfilment. A digital platform is 
a software system that forms the technical core of a 
digital ecosystem (cf. Koch et al, 2022).  

The TE-DW ecosystem is a network of inter-
connected and collaborating platforms DP1-DP6. 
The context for designing and implementing real op-
tions where “managers want and need access to ad-
vanced decision analytics and IS technology without 
mastering neither”. In the following – using fig.1 as 
a reference - we will describe the functions of the 
DP1-DP6 platforms “but keep it to managerial lan-
guage and detail”. 

The DP1 platform supports work with FROV 
models, allows a user to activate a variety of models 
for revenue and cost growth scenarios and to select 
optimal FROV plans. Managers, and analysts (who 
are not working with DP1), operate the ecosystem 
through DP2, which supports work on strategic in-
vestment goals and sketches on investment scenarios 
using concepts and terminology of everyday busi-
ness language; DP2 describes FROV analytics and 
supports user operations of the ecosystem with per-
sonal computers, digital pads and smart phones. DP3 
collects data from specified sources in specified for-
mats and offers data and knowledge bases for FROV 
analytics. DP4 supports work on revenue streams for 
selected periods in the interval [1, T] with models 
for dynamic demand, competition scenarios and 
macro modelling of market synergies. DP5 is a dig-
ital coaching platform to introduce and support the 
use of dynamic scenario models, machine learning 
methods and algorithms, and the use of reasoning 
model AI, which all will be useful for large and com-
plex strategic investment problems. DP6 supports 
work on cost growth scenarios for selected periods 
in the interval [1, T] with access to corporate and in-
dustry data, and macro models from international re-
search. There are intelligent platform asset brokers 
[B], intelligent agent-type systems (details later on), 
that onboards the DP1 FROV Support with manag-
ers and analysts on DP2; the DP5 on DP4 and DP6; 
the DP3 on DP1, DP4 and DP6. Research groups [R] 
can get access to the DP1-DP6 platforms to enhance 
user support and carry out follow-up research, and 
corporate user groups can collaborate through DP2 
to share ideas and comments.  

Digital ecosystems constructs start to become 
more usual in ISR (cf. Koch et al, 2022) and the TE-
DW framework shows some of the common charac-
teristics: (i) there is at least one digital ecosystem 
service; (ii) digital ecosystem services mutually ex-
change data; (iii) digital ecosystems facilitate collab-
oration. 

Planning, designing and building the TE-DW 
digital ecosystem found much use for classical de-
sign science as an ISR methodology. March and 
Smith (1995) identified two ISR design processes 
and four design artifacts. The processes are (i) build  
and (ii) evaluate, and the artifacts are built to under-
stand and tackle identified and defined problems and 
are evaluated on how well they contribute to prob-
lem-solving. Artifacts include constructs of prob-
lems and solutions, models for connections between 
problems and solution components, methods that de-
fine problem-solving processes, and instantiations  
that show implementations as a working system. 
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Hevner (2004) shows that usable systems solutions 
can be found through building and implementing de-
signed artifacts. Markus et al, (2002) demonstrate 
that new, innovative, more advanced ICT artifacts 
extend the boundaries of human problem-solving, 
which also is one of the aims with a digital ecosys-
tem. Most of these principles were applied for devel-
oping the TE-DW digital ecosystem. 

 
Figure 1. The TE-DW digital ecosystem. 

 
The TE-DW ecosystem and the platforms DP1-

DP6, digital platforms in terms of technology (cf. 
Koch et al, (2022), follow the design science 
principles of build and evaluate, and use constructs, 
models, methods and instantiation elements to form 
the digital ecosystem (cf. fig.1) that is now worked 
out in more technical details than managers would 
spend time on. 

DP1 is the FROV Support platform; methods and 
models are functionality and support tools; models 
represent revenue and cost growth scenarios; meth-
ods are differential equations or soft computing tech-
niques; models and methods for multiple criteria op-
timisation help find optimal FROV plans; instantia-
tions – optimal FROV plans.  

DP2 supports managers and analysts with secure 
communication, team and group support and inter- 
and intra-group collaboration on digital support 
tools or smart phones (constructs in Android, iOS); 
DP2 supports models for developing strategic in-
vestment goals that fit FROV modelling; DP2 uses 
(e.g.) simulation tools (methods) to describe and ex-
plain FROV analytics and to present investment sce-
narios in usable form for non-professionals; instan-
tiations – strategic investment goals, investment sce-
narios, investment plans. 

DP3 supports FROV analytics models; DP3 collects 
data from DP1 and builds a database and a 

knowledge base for FROV analytics (constructs); 
DP3 collects a corporate database for DP4 and DP6 
(constructs), and collects a national statistics depos-
itory for DP4 and DP6 (models); DP3 works with 
tools (methods) for big data and knowledge bases to 
build a data depository for the TE-DW that adapts to 
changes in the [1, T] interval; instantiations – depos-
itories. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

DP4 supports FROV revenue modelling (construct); 
DP4 works with fuzzy modelling for demand and 
competition scenarios; methods use differential 
equations, time series with fuzzy parameters or soft 
computing techniques; market macro models cover 
market synergies; revenue scenarios are instantia-
tions. 

DP5 formulates and works out digital coaching in-
struments (constructs) for the DP1 FROV Support; 
DP5 provides reasoning models for coaching on the 
use and results of dynamics, scenarios and differen-
tial equations (methods), algorithms and machine 
learning methods for building fuzzy real option val-
uations; DP5 is activated from/by DP1, DP4 and 
DP6; instantiations – coaching advice, support. 

DP6 supports FROV cost modelling (construct); 
DP6 works with fuzzy modelling for cost growth sce-
narios; methods use differential equations, time se-
ries with fuzzy parameters or soft computing tech-
niques; DP6 uses data (constructs) from DP3 and 
macro data from international research reports; in-
stantiations – cost growth scenarios.  

It was a bit surprising to find that digital ecosys-
tems like TE-DW also fit the requirements of Peter 
Keen’s (1987) classical agenda for developments in 
DSS: (i) look for areas where experience and skills 
of systems users can get new, emergent forms to be 
applied in new ways; (ii) apply new forms of analyt-
ical models and methods; (iii) exploit emerging 
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software tools and new results on AI methods and 
instruments; (iv) use the experience of seasoned 
practitioners for testing validity and relevance (of 
real options for challenging investment opportuni-
ties). The DP2 even supports modern trends to make 
decisions using real options valuations – “on-the-
go”. Thus, it appears that we can revitalize the DSS 
paradigm with digital ecosystems platforms.  

For the TE-DW digital ecosystem we describe 
the DP5 coaching platform as operating reasoning 
model AI, which is a new approach to the LLM de-
velopment (cf. Raschka, 2025). A general (AI gener-
ated) definition is: “a type of artificial intelligence 
that uses structured thinking and logic to solve com-
plex, multi-step problems; models simulate human-
like problem-solving by breaking down tasks, evalu-
ating different solutions, and choosing the most log-
ical one”. In general terms, reasoning in AI builds on 
mechanisms that use collected or generated infor-
mation to form predictions, make inferences and 
draw conclusions (cf. recent releases of reasoning 
models that include DeepSeek-R1, Google’s Gemini 
2.0 Flash Thinking, IBM’s Granite 3.2 and OpenAI’s 
o1 series and o3-mini). Reasoning builds on a 
knowledge base (knowledge with knowledge 
graphs, ontologies, semantic networks, etc.) and an 
inference engine with machine learning models and 
algorithms. Reasoning models represent abductive 
reasoning, agentic reasoning, probabilistic reason-
ing, fuzzy reasoning, etc. The use for practical pur-
poses could be aimed at chain-of-thought reasoning, 
complex decision-making tasks and (maybe) gener-
alizations to novel problems (cf. Raschka, 2025). 

For the TE-DW we introduced asset brokers for 
onboarding method outputs between the platforms 
DP1-DP6 as intelligent agent-type systems (cf. B in 
fig 1.). The new crop of AI agents fulfills this need 
(cf. Coshow and Gao, 2025). At the core of AI agents 
are large language models (LLMs), but agentic tech-
nology tools call on the backend to access up-to-date 
information, to optimize workflows and to create 
subtasks autonomously to achieve complex goals. 
AI agents are designed to tackle a variety of tasks, 
like software design, IT automation, code generation 
and conversational assistance. AI agents bring agen-
tic reasoning - continuously reassessing an agent’s 
plan of action with modifications and self-correc-
tions. Asset brokers using AI agents (cf. fig.1) help 
to onboard the output of DP1 with managers and an-
alysts on DP2; the DP5 on DP4 and DP6; the DP3 
on DP1, DP4 and DP6.  

Agentic AI is becoming a major AI breakthrough 
in ways to automate workflows and delegate tasks to 
virtual coworkers. An overall, more general descrip-
tion is offered in a McKinsey Report (cf. Yee et al, 
2025): “Agentic AI is an artificial intelligence sys-
tem capable of independently planning and execut-
ing complex, multistep tasks. Built on foundation 
models, these agents can autonomously perform 

actions, communicate with one another, and adapt to 
new information”.  

Reasoning models are good at complex tasks 
(like “translating” problem solving and decision 
support for DP2 from DP1, DP4 and DP6). These 
principles follow Abbasi et al, (2024) who introduce 
“a pathway for design-oriented research in AI”:  
knowledge models, data management models, pre-
dictive models, prescriptive models, generative 
models (as artifacts), theory guided design (using 
abstractions) and richness of domain adaptation (as 
a necessary characteristic). This pathway fits the rea-
soning model AI we introduced for DP5. 

The TE-DW digital ecosystem platform for deci-
sion analytics appears to offer a hybrid approach to 
the use of ISR methodology elements. The DP1 plat-
form offers best possible models and algorithms (ef-
ficient) and most operational, relevant models and 
algorithms (effective) for the time and the context 
with guidance from DP5; DP4 offers both best pos-
sible models and algorithms (efficient) for demand, 
competition and market synergy and also most oper-
ational, relevant models and algorithms (effective) 
for the time and the context; DP6 offers best possible 
models and algorithms (efficient) for cost growth 
scenarios and most operational, relevant models and 
algorithms (effective) for the time and the context. 
The DP2 and DP3 platforms are specialised on user 
support and data, information and knowledge base 
support, which offer benefits in the development of 
models and algorithms for DP1, DP4 and DP6 for 
which no compromises on user support and data 
management are needed. Thus, the digital ecosystem 
platform can support precise, classical decision ana-
lytics (efficient) approaches as well as - aiming for 
relevance - fuzzy decision analytics (effective) ap-
proaches. The DP1-DP6 platforms as part of a digi-
tal ecosystem can all be tested, verified and vali-
dated as logically consistent contributions to ecosys-
tem functionality. This results in explicable out-
comes even after unforeseen or unexpected develop-
ments.   

Several early versions of the TE-DW ecosystem 
platform have been developed, implemented and 
used in the DigitalWells (DW) research program (cf. 
Makkonen et al., 2020; Carlsson and Walden, 2022) 
that worked to activate young elderly in Finland to-
wards trying out and adopting health-enhancing 
physical activity (HEPA) programs. The TE-DW 
ecosystem collects physical activity (PA) exercises, 
measures intensity and duration, logs the results to a 
cloud-supported database, builds graphical PA re-
ports and shows (weekly, monthly) goal attainment 
for the user. The DW-program has so far attracted 
more than 1000 users, who have logged 294 140 PA 
events from which researchers (cf. R in fig.1) have 
collected PA and HEPA statistics on experiences 
with digital systematic programs. The DW-program 
has been found to motivate users, and to move them 

Page 1687



to decide that “the time spent will actually give suf-
ficient health effects”(cf. Carlsson and Walden, 
2022). New versions of the TE-DW ecosystem are 
proposed for industrial real options projects. 

 . ISR Methodology for the 2030’es 
We look at ISR methodologies as roadmaps for 

information systems research that are adapted to a 
chosen context and state-of-the-art theory to develop 
optimal IS support to guide (often critical or conse-
quential) managerial decisions. The focus chosen is 
for guidance to give efficient, effective and explica-
ble management decisions. The general principles 
and the development history – from the early days 
of OR and MS in the 1950’es – shows how ISR 
methodology should drive IS development for man-
agement.  

In order to get a better, more detailed understand-
ing of the requirements on ISR methodology we 
moved the focus to the (for management) challeng-
ing context of real option valuation, i.e. to get IS sup-
port for real asset decisions – that may get significant 
consequences - to exercise options to invest, or to 
postpone investments T time periods. Real option 
valuation (ROV) requires more than experience, in-
tuition or guesses; ROV requires understanding and 
knowledge of the ways and the timing to use options. 
The differential equations (cf. (1), (2)) that decide 
the ROV and FROV valuations may be beyond the 
modelling and analytical skills of managers. For ef-
ficient decisions, precise real option values proved 
to be best possible solutions for the time and the con-
text, and they find support among managers as they 
can simply rely on the mathematics; IS support 
simply facilitates operations with the ROV models. 
Effective decisions are worked out with FROV mod-
els that allow imprecision in expected cash flows, 
expected costs and possibilistic variance in the ex-
pected value of cash flows; FROV modelling solu-
tions with fuzzy parameters offer degrees of freedom 
and variations on optimal solutions, which are more 
operational than ROV modelling solutions and more 
relevant for managers (cf. Carlsson, 2012). IS sup-
port becoming more demanding as managers want 
to work out variation intervals and possibilistic var-
iances. The requirements for efficient and effective 
decisions (in advanced decision analysis tradition) 
are drivers for ISR methodology choices and devel-
opment; these classical drivers are still relevant for 
future ISR methodologies. Fuzzy logic and mathe-
matics (cf. Belohlavek et al, 2017) offer extensive 
libraries of tools for modelling, with supporting al-
gorithms, which are developed with fuzzy mathe-
matics theory, that will contribute efficient and effec-
tive modelling instruments for decision analytics. 

Decision support systems entered the field in the 
1980’es with user supporting interfaces and data-
bases, and modelling methods and tools that allowed 

managers to describe and solve problems (more or 
less) independently (cf. Bonchek et al, 1981). Focus 
turned more to effective decisions and relevant prob-
lem solving that a manager worked out by trying out 
alternative results. The drivers for ISR methodology 
put more emphasis on relevance than on precision.  

Decision analytics with fuzzy optimisation 
methods in FROV models was a game-changer for 
dealing with uncertainty at the core of real options 
valuation (cf. Carlsson and Fuller, 2003; Collan and 
Luukka, 2025). If decision analytics is part of a de-
cision support system, it introduces more precision 
for efficient decisions, but the fuzzy optimisation 
methods still generate effective decisions. Neverthe-
less, decision analytics operates advanced mathe-
matical models that a manager may find hard to un-
derstand and use. These are cases where increased 
precision reduces relevance, which offer challenges 
for ISR methodology to help find good modelling 
that keeps the advances usable for real world deci-
sions.  

We have proposed that digital ecosystems 
formed by interactive and interdependent platforms, 
that are developed following design science criteria, 
can take over key DSS functions, offer modern dig-
ital support for users and offer advanced platforms 
for decision analytics. The platforms will offer sup-
port for the use of multiple decision analytics models 
and algorithms that are presented in forms that are 
understandable for users. Digital ecosystems pro-
pose to handle complexity (cf. Koch et al, 2022). 
The DP3 platform collects, processes and handles 
data, information and knowledge; the DP2 platform 
is tailored to user support for interfacing and for 
“translating” input from the DP1, DP4 and DP6 plat-
forms that operate decision analytics models and al-
gorithms. The DP1-DP6 platforms form a digital 
ecosystem for problem solving - and operational and 
relevant decision support - with models and methods 
that are adapted to actual and active contexts. The 
DP5 platform offers “coaching”, it builds on reason-
ing model AI to support and guide the use of DP1, 
DP4 and DP6 and to “interpret” (explain, advise) the 
results for users in DP2. 

In a recent editorial (cf. Sarker et al, 2025) the 
next generation multimethod ISR methodology is 
outlined, and a series of recommendations is intro-
duced to guide future progress with increasing com-
plexity in sociotechnical phenomena. Integration 
across methods is one of the core recommendations, 
which is further described as interlayered and inter-
twined. It appears that both types of integration are 
relevant for the digital ecosystem platforms we have 
introduced. Integration is interlayered if distinct 
methods are used in separate layers. In the TE-DW 
we have different methods in DP1, DP4, DP5 and 
DP6 (and specialized database technology in DP3). 
We also have interlayered integration if the methods 
operate independently; in the TE-DW we have 
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independently operating methods in DP1, DP4, DP5 
and DP6 (DP3 methods serve DP1). The onboarding 
between DP1, DP4 and DP6 can be juxtaposed, se-
quential or embedded interlayering.  

Integration is intertwined when different meth-
ods are used iteratively and are mutually informing 
and shaping each other. This happens through inter-
play when (part of) a method shapes the structure of 
another method; in the TE-DW ecosystem demand 
scenarios in DP4 and cost growth scenarios in DP6 
contribute to the revenue scenarios of DP1. Another 
way is through iterative refinement when adaptive, 
iterative adjustments of a method are initiated from 
(early, preliminary) results of another method; in 
TE-DW changes in the database methods of DP3 in-
itiate changes in the methods of DP1 and changes in 
the methods for N(d1), N(d2) update the methods in 
DP1.  

This preliminary work-out of the principles for 
integration of methods appears to show that the dig-
ital ecosystem platforms are a viable basis for the 
building, use and implementation of a multimethod 
ISR methodology. 

 . Paths of Development 
An ISR Methodology for the 2030’es still rests on the 
decision analysis tradition of supporting efficient 
and effective managerial decisions in relevant prob-
lem-solving contexts. The flexibility and ideology of 
decision support systems will prevail, we want to 
follow how operating managers can boost their per-
formance with IS instruments, tools and technology. 
Digital ecosystem platforms will continue, expand 
and improve on the DSS ideology. 

Descriptive research using formal science to gain 
deep understanding and explanation in generic prob-
lem contexts (cf. March and Smith, 1995). Then use 
the understanding in prescriptive research for prob-
lem-solving and decision making, building on de-
sign science to improve IS performance. 

Decision analytics builds on formal methods with 
validation and verification of results. 

Decision analytics frameworks develop user guid-
ance with IS context language, IS use models, IS use 
methods and IS implementation (applying advances 
in information technology relevant for the IS con-
text). 

Interactive problem-solving and decision making 
with user or user groups build on adaptive coaching 
using machine intelligence and/or reasoning model 
AI. 

The path builds on and results in digital ecosystem 
platforms that support users with interactive models, 
using needed (advanced) algorithms and agentic rea-
soning, using AI agents for (big) data handling, 
knowledge collection and processing, producing 

“rapid, online but reasonably optimal decisions” for 
relevant contributions to progress. 
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