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ABSTRACT

How can a sophisticated Production Planning (PP) system help planners? To answer this question, we
study the PP literature and focus on human-system interaction. We find that the PP literature mainly
focuses on designing sophisticated algorithms. By synthesising forecasting and information system
(IS) literature, we provide findings for designing a human-centred PP system. From the forecasting
literature, we learn that certain biases and heuristics become relevant when humans work with sys-
tems. We categorise this literature into three system elements: information received, delivery system,
and decision aid provided, as well as two human factors: cognitive limitations and capabilities. From
the IS literature, we learn that different factors impact behaviour over the system acceptance and
continued use phases. Behaviour is mainly impacted by the Perceived Ease of Use in the acceptance
phase. The Perceived Usefulness mainly determines interventions to the solutions in the continued
use phase. We combine the two phases distinguished in the IS literature with the three system ele-
ments distinguished in the forecasting literature and thus propose a two-phase x three-element
matrix for designing human-centred systems, obtain findings that serve as guidelines for designing
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human-centred PP systems, and propose an agenda for future research in PP.

1. Introduction

Modern systems have emerged to assist humans in PP.
However, the performance outcomes of these systems are
not solely determined by their analytical capabilities but
rather by the interaction between humans and the system
(Vijayakumar et al. 2022). PP is a decision-making pro-
cess that involves long-term, medium-term, and short-
term decisions to meet customer demand under uncer-
tainty. Long-term decisions, such as planning for acquir-
ing resources, are strategic and generally made annually
with a planning horizon of more than 2 years. Medium-
term decisions, such as resource utilisation planning, are
tactical. Tactical decisions are generally made monthly
with a planning horizon of 6 to 24 months. In con-
trast, short-term decisions, such as planning to meet
day-to-day customer demand, are operational and gen-
erally made weekly or daily with a planning horizon of
less than 6 months (Silver, Pyke, and Thomas 2016, 564).
This study focuses on short-term decisions that involve
frequent interaction between humans and the system.
The short-term PP process (see Figure 1) starts with
short-term (demand) forecasting, which utilises histor-
ical demand as input. The forecasted demand is then
used to generate a Master Production Schedule (MPS)

that specifies what products to manufacture at a specific
time and facility. Next, Material Requirement Planning
(MRP) determines the raw materials required to realise
the MPS. Once the materials are delivered, the produc-
tion sequence is scheduled through Job-Shop Schedul-
ing (JSS). Finally, customer orders are delivered, and
any excess products, work in progress, and materials are
stored in the inventory (APICS 2009). This study explic-
itly targets key processes within short-term PP: MPS,
MRP, and JSS. Our emphasis on these three processes
is also driven by the relatively limited research attention
given to understanding the vital role of human-system
interaction within these areas. For clarity, we refer to
PP in the remainder of this paper to discuss the three
targeted PP processes.

PP involves a series of decisions in a complex envi-
ronment. This complexity can arise from uncertainties
(uncertainty-induced complexity) or from dealing with
multiple items, resources, relations, etc. (structural com-
plexity) that should be taken into account when planning
(Wiers and de Kok 2017). Uncertainty-induced com-
plexity can have an internal or external source. Inter-
nal sources happen due to the activities occurring in
the company, such as inaccurate forecasts, machine plan
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Figure 1. Production Planning Processes based on Silver, Pyke, and Thomas (2016).

overload, machine breakdown, quality inspection, etc.
External sources result from supply chain activities, such
as customers or suppliers (Guide Jr and Srivastava 2000).
For instance, changes in lead time or configurations
requested by customers and suppliers’ late deliveries are
examples of external uncertainty. Koh and Saad (2003)
identify instances of uncertainty that impact the perfor-
mance of companies.

In such complex and uncertain environments, both
systems and humans are needed (Grosse et al. 2015;
Lawrence et al. 2006). Systems can manage complexity
well (Galbraith 1973). They are rigid and only possess
a limited subset of information but can process it with
greater efficiency and accuracy (Boyaci, Canyakmaz, and
de Véricourt 2024). Besides, systems can be less bias-
prone than humans (Liu, Yang, and Wen 2023). How-
ever, effective uncertainty management requires the joint
efforts of humans and systems (Eriksson, Carlsson, and
Olsson 2022; MacCarthy and Wilson 2003, 184). Kocsi
et al. (2020) explain that certain production character-
istics, such as the dynamic nature of demand in high-
mix, low-volume manufacturing, make the use of systems
alone challenging. Systems are not flexible and cannot
adapt to changes or disruptions in the environment. For
example, when suppliers fail to deliver, systems cannot
update this on time. Systems use heuristics and miss
many aspects of the real world, which can be compen-
sated for by humans (Van Donselaar et al. 2010). Humans
are flexible; they possess tacit knowledge missing in sys-
tems and can negotiate with the outside world (McKay
and Wiers 2006, 28).

There are different perspectives on the relationship
between humans and systems. Some studies take a com-
petitive perspective on human-system interaction when
they find systems outperform humans (e.g. Liu et al. 2019;
Quiroga, Moritz, and Ovchinnikov 2019), while others
promote a collaborative relationship in which systems
have the need for human input (Kesavan and Kushwaha
2020; Van Donselaar et al. 2010). Figure 2 visualises a

collaborative relationship between humans and systems.
We refer to the system as a human-centred PP system that
allows interactions with humans and leaves the final deci-
sion to humans. In the interactions, the human provides
input to the system and receives recommendations from
the system. Humans, as the final decision-makers, decide
the production plan and their performance can be mea-
sured by service level, inventory cost, or other indices,
which can differ across companies.

In Figure 2, we give two human factors related to
human planners: cognitive limitations and cognitive
capabilities (Daniel 2017, 23). The two factors influence
humans’ interaction with systems as well as their plan-
ning decisions. Cognitive limitations in human decision-
making can be attributed to biases and information-
processing constraints, such as limited working mem-
ory capacity. Cognitive capabilities can be attributed to
heuristics and fast responsive decisions, such as plan-
ning decisions right after a supply chain disruption. An
efficient human-centred PP system would be able to com-
pensate for planners’ cognitive limitations and utilise
planners’ capabilities. For instance, a system calculating
an optimal scheduling plan can compensate for the com-
putation limit of human planners, and a system allow-
ing planners to set parameters utilises planners’ intuition
about the current state.

This paper aims to provide theory-driven guidelines
for designing a human-centred PP system. This system
is purposefully designed to adapt to humans’ cognitive
limitations and capabilities to provide effective support
to human planners. We employ the three system elements
developed by Zmud (1979), in which a system is split into
three elements: information received, delivery system,
and decision aid provided, to classify the specific system
design. We have three reasons for utilising the elements
to investigate PP systems. First, classifying designs into
system elements helps designers anchor to the specific
purpose. Second, human factors can play different roles
as they interact with the elements of the system. Third,
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Figure 2. Human-System Interaction.

Table 1. Three System Elements based on Zmud (1979).

System Element Purpose

Relevant Application

Information Received
Decision Aid Provided

(Zmud 1979, p. 968)
Delivery System

‘Information has value only when it reduces the uncertainty that pervades
decision-making (King and Epstein 1976)." (Zmud 1979, p. 968)

‘Decision aids are provided to overcome limitations inherent in human
cognition and to ensure that available information is sensed and used.’

‘The convenience and ease of use of a system are considered as important to

production capacity
Simulation tools, inventory management models, and
algorithms

Dashboard, user interface, and pop-up messages

system usage as is the quality of the information received (Paisley 1968).’

(Zmud 1979, p. 968)

breaking down a system into three elements makes our
guidelines more actionable. According to Zmud (1979),
information received relates to the information provided
to planners, such as demand forecasts and real-time
inventory levels. Decision aid provided refers to tools or
techniques (e.g. models) used to overcome human cog-
nitive limitations and ensure that available information
is utilised effectively. The delivery system refers to the
interface that connects the humans with the system. Table
1 provides examples of the purpose and application of
each element. The information received is transformed
into system suggestions through the decision aid provided
and communicated to humans via a delivery system.

We find that there is a lack of attention to human fac-
tors when designing PP systems. Therefore, we continue
to analyse the literature from other domains for insights.
In operations research, research on human-system inter-
action has grown. Judgmental forecasting, with decades
of research (see Lawrence et al. (2006)), has made a dras-
tic contribution to understanding human-system inter-
action. Compared to PP research, judgmental forecasting
is inherently less complex and more adaptable to vari-
ous decision-making scenarios. Forecasting has a strong
foundation in psychology and behavioural economics.
Therefore, we examine the field of forecasting to iden-
tify key insights that can be translated into guidelines
for designing effective PP systems. We categorise our
insights into the three system elements of Zmud (1979)
and two human factors of Daniel (2017, 23) to facilitate
the translation.

Our review of PP and forecasting literature is not yet
in relation to the human-system interaction over time.
Therefore, we make use of IS literature to gain more
insight into the human-system interaction over time.

Planners’ cognitive limitations can hinder their accep-
tance of the new system. For example, planners need to
understand the system to some extent before they accept
it (Eriksson, Carlsson, and Olsson 2022). In the IS lit-
erature, Davis’s (1989) Technology Acceptance Model
(TAM) provides a conceptual framework to address this
challenge. The Perceived Usefulness (PU) and ease of use
(PEOU) of the system shape humans’ attitudes toward
acceptance. Keil, Beranek, and Konsynski (1995) further
develop this model and point out that human-system
interaction involves two phases: System Acceptance (SA)
and Continued Use (CU). This suggests that an effec-
tive human-centred PP system should not only be easy
for planners to understand and accept initially but also
encourage long-term, sustained use. Classifying system
designs into these two phases allows us to provide precise
guidelines for system designers based on the short-term
and long-term needs of humans.

We combine the two phases obtained from IS litera-
ture with the three system elements summarised from
PP and forecasting literature; we propose a two-phase
x three-element matrix to structuralise the guideline for
designing human-centred PP systems. Table 2 presents an
overview of our PP findings structure, which are further
discussed in detail in Section 5.

This paper has three contributions to theory and prac-
tice. First, we provide theory-driven guidelines on how to
design human-centred PP systems by synthesising liter-
ature from forecasting and IS. Second, we contribute to
the broader human-system interaction field by proposing
a two-phase x three-element matrix (see Table 7). This
matrix is designed by categorising literature from fore-
casting and PP based on system elements and IS literature
based on human-system interaction journey phases. Our

Information on demand forecasts, inventory levels, and



Table 2. Two-phase x Three-element Matrix.

Phase Element
Information Delivery Decision Aid
Received System Provided
System Finding SA.1 Finding SA.2 Finding SA.3
Acceptance
(SA)
Continued Use Finding CU.1 Finding CU.2 Finding CU.3
(cv)

proposed matrix serves as a high-level conceptual frame-
work that provides a structured approach to guide the
design of human-centred systems beyond the PP con-
text, whereas the findings are the detailed application of
this matrix for PP. Third, we provide an agenda for future
research in PP that considers the interaction between
humans and systems (see Table 8).

The remainder of this paper is structured as follows.
Section 2 presents a systematic review of the existing
literature on human-system interaction in the PP. Sec-
tions 3 and 4 discuss forecasting and IS research on
human-system interaction, respectively. Section 5 syn-
thesises literature from forecasting and IS disciplines and
translates these insights into 1) findings for designing
human-centred PP systems and 2) directions for future
research in PP. Finally, in Section 6, we conclude this

paper.

2. State-of-the-art literature on human-system
interaction in production planning

As discussed in Section 1, PP is a complex decision-
making process. Systems are designed to help planners
in making these decisions. Designing a good PP system
requires considering human factors. In this section, we
conduct a systematic literature review on the human fac-
tors in PP literature by using the five-step approach of
Wolfswinkel, Furtmueller, and Wilderom (2013): Define,
Search, Select, Analyse, and Present. Our first step is to
set criteria for inclusion and exclusion, identify relevant
research fields, choose sources, and define search strings
based on the review’s goal. The second step is to search
for literature that has the potential to be related to our
topic of human-system interaction in PP. The third step is
to select relevant literature and to refine the selected liter-
ature into the literature focusing on our topic. We do this
in three sequential procedures screening by title, abstract,
and full text, followed by forward and backward citation
tracking (snowball method) (see Figure 3). The fourth
step is to analyse the selected literature and group it into
relevant categories: system element, human factor, and
context. In the final step, we present the insights which
will guide the design of a system for human planners.
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The review approach of Wolfswinkel, Furtmueller, and
Wilderom (2013) falls between the traditional narrative
review approach of Baumeister and Leary (1997) and
the structured, systematic literature review approach of
Tranfield, Denyer, and Smart (2003). We have three rea-
sons to use the Wolfswinkel, Furtmueller, and Wilderom
(2013) approach. First, this approach is developed from
the grounded theory, which has greater flexibility than
other structured review methods. It allows authors to
integrate new insights or unexpected findings during the
review process. This is particularly important in com-
plex, multidisciplinary, and underexplored fields such
as behavioural PP. Second, despite this flexibility, Wolf-
swinkel, Furtmueller, and Wilderom (2013) maintain a
structured approach. It categorises concepts and codes
literature, which provides reproducible results. Third, the
approach of Wolfswinkel, Furtmueller, and Wilderom
(2013) enables the development of new theories from the
data, while many review methods primarily summarise
existing theories.

In the remainder of this section, we describe the steps
of our systematic literature review and summarise the
results. Section 2.1 provides details of Steps 1 through
4, followed by the presentation of the results per system
element in Sections 2.2, 2.3, and 2.4.

2.1. Method

2.1.1. Step 1: define

Our search focuses on research in English that was pub-
lished from 2000 onwards, specifically articles, review
articles, books, and proceedings papers. The search cov-
ers relevant research fields in Engineering, Psychology,
Computer Science, Mathematics, Behavioural Science,
and Management.

We used Web of Science as our primary database and
grouped our search strings into three categories: human
factor, system element, and context (see Table 3). The
search strings selected in the human factors category are
specifically designed to capture the mental and cognitive
capabilities of humans, as well as their limitations. Our
review does not include investigating human ergonomic
or physical capabilities. We based our search string selec-
tion in the system category on Zmud’s (1979) categorisa-
tion of system elements, i.e. information received, deci-
sion aid provided, and delivery system. Similarly, for
the context category, we selected relevant PP processes
described in Section 1. Our search yielded 59,404 arti-
cles on the context of PP, of which 34,397 are related to
designing PP systems. Only a small fraction of this liter-
ature (856 articles) discusses the crucial role of humans
in PP.
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Table 3. Search String.

Category Human Factor ~ System Element Context

Search Strings ‘Mental’ ‘System’ ‘Production Planning’
‘Human Decision’  ‘Information’ ‘Material Planning’
‘Cognitive’ ‘Algorithm’ ‘Master Production’
‘Bias’ ‘User Interface’ ‘Job-Shop’

2.1.2. Step 2:search and select

From the initial pool of 856 articles, we selected those
that have at least one combination of two strings in the
title: ‘Human/planner/cognitive/behaviour’ and ‘produc-
tion, plan/manufacturing/lead-time/scheduling’. These
strings have undergone iterative selection to minimise
the occurrence of false positives and false negatives in our
sample. This approach limited subjective evaluation and
resulted in a sample of 55 papers. We then examined the
abstract and full text and excluded irrelevant literature
(e.g. papers focusing only on ergonomics, human-robot
collaboration, or planning in different application areas).
This refined our sample to 15 relevant articles. We added
nine additional articles through forward and backward
citation searches, resulting in a final sample of 24 papers
(see Figure 3).

2.1.3. Step 3:analyse

As our primary purpose is to review human-system inter-
action in PP literature, we classify the selected literature
into three categories: context, human factor, and system
element. Context is divided into production planning,
job-shop scheduling, material planning, and master pro-
duction scheduling (as explained in Section 1). Humans
have capabilities and limitations in their decision-making
(Daniel 2017, 23). We analyse human factors for both
cognitive limitations and capabilities. System elements
are classified according to Zmud’s (1979) system design
characteristics into information received, delivery sys-
tem, and decision aid provided. Table 4 provides a sum-
mary of the articles and their main categories. In Sections
2.2, 2.3, and 2.4, we discuss our insights from the litera-
ture regarding the information received, delivery system,
and decision aid provided.

From 55 to 15

From 15 to 24

2.2. Information received

Effective design of PP systems requires thoughtful con-
sideration of human information processing capability
(Wiers and de Kok 2017, 171). For instance, providing
excessive information might lead to poor performance.
Arnold (2018) emphasises the importance of consider-
ing human cognitive capability when designing PP sys-
tems. The cognitive capability includes how the human
brain processes information, prioritises activities, selects
information, and so on.

The frequency of information updates in a PP sys-
tem can affect the decisions made by planners. Haeus-
sler et al. (2021) examine a lead-time updating trap in
which suppliers frequently update their lead times to pro-
tect themselves from possible penalties or late deliveries.
However, they unintentionally trigger a chain reaction
that leads to overproduction, excess inventory, and other
inefficiencies. The frequent lead-time updates result in
a vicious circle of human interventions. Besides the fre-
quency, the content of information also has an impact
on the decisions. Letmathe and Zielinski (2016) conduct
a lab experiment to evaluate the performance of three
types of content for feedback (financial, non-financial,
and mixed) in a repeated PP game. They find that indi-
viduals’ information processing capabilities, specifically
their work experience and education, must be considered
when choosing the feedback content.

The information provided by PP systems should
enable planners’ decisions. Lauer et al. (2020) study the
most effective human-system interaction approach from
three options: 1) no interaction between humans and
the system, 2) selecting a system solution based on the
human’s preferred risk attitude, or 3) questioning the
system about its assumptions. They conclude that dif-
ferent types of human-system interaction approaches
impact the system’s acceptance differently. Fransoo and
Wiers (2008) argue that the lack of necessary informa-
tion in PP systems is the primary reason for signifi-
cant human adjustments, particularly in complex tasks.
They propose that adjustments to final system solu-
tions could be replaced with parameter changes if the
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Table 4. Summary of State-of-the-art Literature on Human-System Interaction in Production Planning.

System Element Human Factor

Author Year Research Method Information Received Delivery System Decision Aid Provided Limitations Capabilities
Christova et al. 2003 Conceptual Model v v
Zoryk-Schallaetal.” 2004 Empirical Study v v

Wiendahl et al. 2005 Conceptual Model v v

Stowasserx 2006 Lab Experiment v v

Fransoo & Wiers' 2008 Empirical Study v v

Silvas 2009 Empirical Study v v
Moscoso et al.t 2010 Empirical Study v v

Schock et al.* 2010 Empirical Study v v

Bendul &Knollman 2016 Empirical Study v v

Letmathe & Zielinski 2016  Lab Experiment v v

Brolin et al.x 2017 Lab Experiment v v

Graessler & Pohlers 2017 Conceptual Model v v v
Hernes & Bytniewski 2017 Conceptual Model v v
Wiers & de Kok 2017 Conceptual Model v v v v v
Arnold 2018 Conceptual Model v v v

Oberc et al. 2018 Field Experiment v v

Yahouni et al.x 2018 Lab Experiment v v

Bendul 2019 Empirical Study v v

Lauer et al.¥ 2020 Lab Experiment & Empirical Study v v v

Haeussler et al.” 2021 Lab Experiment v v

Merten et al.x 2022 Empirical Study v v
Rozanec, Lu, et al. 2022 Conceptual Model v v v
Vijayakumar et al. 2022 Conceptual Model v v v v

Wong & Chui 2022 Conceptual Model v v v

# denotes a focus on MPS (Master Production Scheduling),  denotes a focus on MRP (Material Requirements Planning), and = denotes a focus on JSS (Job-Shop

Scheduling). Papers without symbols have a general focus on Production Planning.

necessary feedback for changing system parameters is
available.

Despite humans having cognitive limitations, using
heuristics to simplify large amounts of information has
been highly beneficial. Hernes and Bytniewski (2017)
explain that different agents in a manufacturing planning
module may generate contradictory production plans
based on their embedded models. This leads to time-
consuming and error-prone work for human planners
who must manually assess and select the plans. However,
the system can imitate human information processing
and heuristics to quickly consolidate all plans (Vijayaku-
mar et al. 2022).

Conclusion: The importance of precise and timely
information is well understood, especially in the context
of human-system interaction. Nevertheless, too much
information exhausts humans’ cognitive capabilities and
reduces overall performance as humans struggle to dis-
tinguish relevant from irrelevant information. When
information updates occur too frequently, such informa-
tion distracts decision-makers from focusing on impor-
tant details. Therefore, there should be a balance between
the amount of information provided and human cogni-
tive limitations and capabilities.

2.3. Delivery system

The delivery system (or interface) is the presenta-
tion format of the system’s output to the humans. A

well-designed delivery system increases human experi-
ence and helps with decisions effectively. Bendul (2019)
and Bendul and Knollman (2016) explain that adverse
performance outcomes arise when humans misinterpret
system states and are unaware of systems fundamen-
tal KPIs. A proper interface assists planners in dealing
with disturbances in highly uncertain situations. Yahouni
et al. (2018) propose a human-system interface model
that provides real-time information about production
status, disruptions, and scheduling conflicts to improve
the interaction between a human planner and a sys-
tem. The experimental results indicate that the interface
significantly improves planners’ scheduling decisions in
highly uncertain situations.

Visualised information empowers planners to make
quick and reasonable decisions (Schock et al. 2010).
In a study by Brolin, Thorvald, and Case (2017), par-
ticipants were asked to process information presented
in different formats, such as photographs or writ-
ten text. The researchers find that using photographs
reduces the information process time and the cogni-
tive load. By using the photographs, participants could
focus on critical information without being distracted
by unrelated details. Stowasser (2006) develop a visu-
alisation system for planners to monitor distributed
manufacturing processes. It features a dynamic 3D
visualisation and window-based interface (a conven-
tional format of information representation), allowing
humans to monitor real-time information on production
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processes. The author evaluates the system’s usabil-
ity and its psychological impact and finds that the
hybrid interface design (3D visualisation and window-
based interface) effectively improves decision-making
efficiency.

Conclusion: The delivery system, i.e. how informa-
tion is presented - its style and format - directly affects
cognitive load, processing time, user satisfaction, and
decisions. A well-crafted interface makes complex sys-
tem outputs easier to understand. For instance, visu-
als can clearly and concisely convey information. Nev-
ertheless, a balanced combination of text and visu-
als is often the best approach for assisting human
decisions.

2.4. Decision aid provided

The decision aid provided refers to the underlying model
or algorithm of the system. On the one hand, the
underlying model of the system determines the qual-
ity of decision aid provided. On the other hand, human
planners are the final decision-makers in the process
(Moscoso, Fransoo, and Fischer 2010). Humans are cog-
nitively limited. Oberc et al. (2018) recommend develop-
ing advanced systems that crosslink data across various
systems within a company to restrict human involvement
in operational-level tasks. Zoryk-Schalla, Fransoo, and de
Kok (2004) explain that human overconfidence impacts
their decisions when intuitions conflict with the system
solutions. As a result, advanced planning systems may
not be able to assist planners as effectively as the sys-
tems designer expects. Designing PP systems needs to
incorporate human biases.

Contrary to these biases, human planners have a good
knowledge of how to deal with problems in complex
PP environments. Combining human knowledge with
planning and scheduling rules to design an algorithm
achieves better planning results. Wiers and de Kok (2017,
168) suggests automating routine tasks. However, when
there are complex decisions, humans should be the fron-
tiers in making decisions. Merten, Hiitt, and Uygun
(2022) find that human tacit knowledge about parame-
ters is essential for handling complex tasks, such as in
steel manufacturing. They develop a method to iden-
tify the planning parameters commonly prioritised by
human planners and incorporate this information into
the system. Silva (2009) introduces an algorithm that
integrates human expertise with formal planning rules.
This approach incorporates both soft (informal) and
hard (formal) constraints to formulate feasible plans.
Planners have the flexibility to adjust soft constraints
based on their expertise, while hard constraints remain
immutable.

Systems should be designed taking human needs into
account (Wiendahl et al. 2005). Wong and Chui (2022)
develop such kind of aid called cognitive engine pro-
cess controller. Their system streamlines large amounts
of information and suggests appropriate next steps to the
human operator, who then manages the process based
on a limited number of recommended steps. Addition-
ally, the system allows for alternative methods to be
used, providing flexibility to humans when necessary.
Graessler and Pohler (2017) propose the development
of a human digital twin to overcome delays in human
input. This cyber-physical device mirrors human prop-
erties, preferences, work schedules, and skill sets. The
human digital twin optimises the decisions by processing
information based on individual preferences. Individu-
als can control their digital twin via a mobile device,
allowing them to participate actively in decision-making.
Similarly, RoZanec et al. (2022) propose using actionable
cognitive twins, which are enhanced digital twins that use
knowledge graphs and Al models. The knowledge graph
contains domain-specific knowledge on entities, inter-
relationships, and potential decision-making options to
facilitate decision-making.

Conclusion: Advanced planning systems are known
for their performance. Nevertheless, human involvement
should not be undervalued. Humans possess an intuitive
understanding and insight that often surpasses the capa-
bilities of the most sophisticated systems. Thus, effec-
tive decision-making should incorporate both the flex-
ible rules generated by human expertise and the for-
mal constraints of algorithms. Systems must be adap-
tive and customised according to human requirements.
They should allow for human intervention and alter-
ations based on individual expertise. While systems excel
at handling repetitive tasks swiftly and accurately, con-
sequential decisions require incorporating human exper-
tise.

3. Human-System interaction in forecasting
literature

Forecasting refers to the process of estimating and pre-
dicting immediate future production requirements by
analysing historical demand information. In forecast-
ing, considering humans or systems individually leads
to inaccurate forecasts (Arvan et al. 2019; Lauer and
Wieland 2021; Perera et al. 2019). Forecasting literature
highlights potential biases when human planners work
with systems. These insights can be used when designing
PP systems.

Human biases can be categorised as intentional or
unintentional (Oliva and Watson 2009). Intentional
biases are deliberate decisions in a specific direction that
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Table 5. Summary of State-of-the-art Literature on Human-System Interaction in Forecasting.

System Element Human Factor

Author Year Research Metod Information Received ~ Delivery System  Decision Aid Provided  Limitations  Capabilities
Harvey & Bolger 1996  Lab Experiment v v

Goodwin 2000  Lab Experiment v v

Parikh et al. 2001  Lab Experiment v v

Webby et al. 2005  Lab Experiment v v

Leeetal. 2007  Lab Experiment v v v
Franses & Legerstee 2011 Empirical Study v v
Franses & Legerstee 2013 Empirical Study v v
Seifert & Hadida 2013  Field Experiment v v
Dietvorst et al. 2015  Lab Experiment v v v

Fildes & Petropoulos 2015  Conceptual Model v v v v
Green & Armstrong 2015  Conceptual Model v v v
Seifert et al. 2015  Field Experiment v v

Theocharis & Harvey 2016  Lab Experiment v v
Alvarado-Valenciaetal. 2017  Empirical Study v v
Baecke et al. 2017  Empirical Study v v
Dietvorst et al. 2018  Lab Experiment v v

Katsikopoulos et al., 2018  Conceptual Model v v v
Kusev et al. 2018  Lab Experiment v v

Tong et al. 2018  Lab Experiment v v

Goodwin et al. 2019  Lab Experiment v v

Theocharis et al., 2019  Lab Experiment v v

Dietvorst & Bharti 2020  Lab Experiment v v

Fildes & Goodwin 2021  Empirical Study v v

Jung & Seiter 2021  Lab Experiment v v

Leffrang & Miiller 2021  Lab Experiment v v

Satopdd et al. 2021  Mathematical Model v v

Chacon et al. 2022  Lab Experiment v v

Daschner & Obermaier 2022  Lab Experiment v v

Feiler & Tong 2022  Lab Experiment v v

Himmelstein & Budescu 2023 Lab Experiment v v

deviate from rational evaluations or objective assess-
ments. Intentional biases may be driven by the misalign-
ment of incentives and power. For example, high-priced
products cause humans to make more frequent adjust-
ments (Khosrowabadi, Hoberg, and Imdahl 2022). In
contrast, unintentional bias occurs without deliberate
intentions. For example, individuals who perceive a sys-
tem as insufficient to reflect reality adjust the suggestions
unintentionally (Boulaksil and Franses 2009).

We categorise the forecasting literature based on sys-
tem elements and human factors. We use Zmud’s sys-
tem elements: information received, delivery system, and
decision aid provided for our system element categorisa-
tion. Our analysis covers human factors, including both
cognitive limitations and capabilities. Table 5 presents
an overview of the state-of-the-art literature on forecast-
ing. In Sections 3.1 through 3.3, we discuss the literature
related to each of the three system elements: informa-
tion received, delivery system, and decision aid provided,
respectively.

3.1. Information received

The relevance and volume of the information provided to
decision-makers influence forecasting accuracy (Webby;,
O’Connor, and Edmundson 2005). Human decision-
makers often exhibit a cognitive bias, overvaluing the

information they possess while undervaluing the infor-
mation they lack (Tong, Feiler, and Larrick 2018). There-
fore, selecting what information to present to decision-
makers is an important question. Feiler and Tong (2022)
find that a high volume of information (e.g. nine data
points versus one) can lead to noisy interpretation and
degraded forecasting performance. Reducing noise from
useful information is effective in improving forecast-
ing accuracy (Satopdi et al. 2021). However, identifying
what constitutes noise is highly dependent on the spe-
cific context. For instance, in fast-paced industries such
as fashion, historical demand might be noise as the trends
change rapidly (Seifert et al. 2015).

Forecasting systems that contain poor-quality infor-
mation require significant human intervention. Poor
information quality refers to information that contains
inaccuracies, inconsistencies, and errors that under-
mine its reliability for its intended purpose. Fildes and
Petropoulos (2015) discuss that when the information
is of poor quality, relying solely on automated forecast-
ing systems can lead to inaccurate results. As a result,
human expertise and intuition become even more crit-
ical. Humans can make analogies based on past experi-
ences or knowledge from a different domain to deal with
the issue of poor-quality information (Lee et al. 2007).

Framing and the type of information provided to the
planners impact their behaviour and judgements. Parikh,
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Fazlollahi, and Verma (2001) compare the effectiveness
of informative and suggestive information. Informative
recommendations provide humans with detailed and
relevant information, which helps them to learn and
understand the decision-making process. They find that
informative recommendations are more effective when
the objective is to assist humans in learning. On the other
hand, when the objective is to improve decision quality,
suggestive information that prompts humans to consider
a particular option is more effective. Goodwin, Goniil,
and Onkal (2019) look into two types of information,
i.e. optimistic and pessimistic scenarios with time series
forecasts. They explain that planners presented with opti-
mistic or pessimistic scenarios, in addition to time series
data, exhibit greater deviation from optimality due to less
precise point forecasts.

Conclusion: The forecasting accuracy of decision-
makers is influenced by the relevance and volume of
information. Identifying and reducing noise from high
volumes of information can improve forecasting accu-
racy. When information is poor quality, human contri-
bution to decision-making becomes more important.

3.2. Delivery system

The delivery system allows humans to interact with
the system through graphical elements. A well-designed
interface can empower human decision-making by pro-
viding them with a good experience of interacting
with the system. Taking human cognitive processes into
account while designing an interface is important. When
the information provided is clear and intuitive, decision-
makers can easily understand and make a good forecast
decision.

The framing and format of the information presented
to forecasters influence their decision-making and per-
formance. Different frames and formats are beneficial
depending on the context and information. For linearly
trended series, graphical presentation proves more effec-
tive than tabular form. Graphical presentations reduce
the tendency to underestimate trends when the series are
linearly trended. Conversely, for series that do not fol-
low a specific trend, a tabular presentation yields better
performance. For such a series, a graphical presentation
leads to over-forecasting and inconsistency (Harvey and
Bolger 1996). Kusev et al. (2018) find that when events
are presented sequentially one after the other, forecast-
ing accuracy is improved. However, it leads to worsened
average estimation. In contrast, when events are viewed
simultaneously, average estimation accuracy is improved,
but the recent events are neglected.

The delivery system should consider human biases.
An ineffective delivery system design can increase

the adverse impact of biases on performance. For
instance, human decision-makers anchor on their previ-
ous decision or demand information. This behaviour still
occurs when forecasts are untrended and independent
(Theocharis, Smith, and Harvey 2019). In fact, humans
detect positive sequential dependence between forecasts
regardless of the fact that such forecasts may be inde-
pendent. This effect is stronger when they are presented
with visuals, e.g. line graphs. To handle the human ten-
dency to anchor to the previous period for making deci-
sions for the upcoming period(s), Theocharis and Harvey
(2016) recommend changing the decision-making order.
They find that forecast accuracy improves when forecast-
ers start generating forecasts for the most distant future
(either 5,1,2,3,4 or 5,4,3,2,1). Forecasting the most dis-
tant requires more cognitive resources than forecasting
the nearest future because it changes cognitive processing
from intuitive (i.e. instinct and without conscious rea-
soning) to deliberative which requires logical reasoning.
However, this approach slows down the speed of decision
making.

The information presented to the subjects can hinder
or promote their trust and acceptance of systems. Lef-
frang and Miller (2021) find that when forecast predic-
tion uncertainty, specifically algorithm predictive uncer-
tainty, was (visually) presented, people were less inclined
to accept suggestions from the system and perceived the
time series forecasts as less valuable. In other words, when
individuals became aware of the uncertainty associated
with the predictions through visual representations, they
were more sceptical of the suggestions and had a lower
perception of the forecast’s usefulness.

Conclusion: Effective interface design considers the
order, framing, and format of information presentation
to cater to the specific needs of tasks in different situa-
tions. The delivery system should be designed to reduce
the adverse impact of cognitive limitations.

3.3. Decision aid provided

Selecting an appropriate forecasting model/algorithm is
critical for the accuracy of predictions. To improve fore-
cast quality, organisations should use appropriate soft-
ware and tools that consider human needs and goals
(Fildes and Petropoulos 2015). Simplicity in decision
models can offer several advantages. For instance, when
faced with low-complexity problems, using simpler mod-
els can lead to faster and more efficient decision-making
processes. Similarly, higher process uncertainty implies
simpler models that break the problem into smaller
pieces. Complex models may introduce unnecessary
complexity and computational burden without providing



substantial improvements in decision outcomes. In situa-
tions with limited information availability, simple models
are advantageous. Complex models often require large
amounts of information for accurate calibration and esti-
mation, which may not be available in data-scarce envi-
ronments (Katsikopoulos, Durbach, and Stewart 2018).
In fact, a review of previous research shows that unnec-
essary complexity increases forecasting error by approx-
imately 27 per cent (Green and Armstrong 2015).

Humans often reject algorithmic predictions and
prefer their own (or other humans’) judgment, even
when the algorithmic predictions are sufficiently accu-
rate or simple (Dietvorst, Simmons, and Massey 2015;
Dietvorst and Bharti 2020). This aversion increases
when they receive inaccurate advice from systems (Cha-
con, Kausel, and Reyes 2022). Daschner and Ober-
maier (2022) explain that human cognitive beliefs and
behaviour towards algorithms depend on the accu-
racy of the model. Low-performing algorithms lead to
algorithm aversion, while high-performing algorithms
lead to algorithm appreciation. Contrarily, Himmelstein
and Budescu (2023) argue that human preference for
human or algorithmic advice does not always predict
the advice’s use. They explain that hybrid advice is
often favoured over single-sourced advice. This could be
because humans believe that hybrid advice captures the
strengths of both sources. Jung and Seiter (2021) explain
that algorithm aversion is mitigated when humans work
under time pressure because less confidence in their own
choices encourages them to take the algorithmic sugges-
tions.

To overcome algorithm aversion, researchers have
explored various strategies. One effective approach
is allowing humans to modify imperfect algorithms.
According to Dietvorst, Simmons, and Massey (2018)
and Jung and Seiter (2021), this can increase human trust
and use of the algorithm. In a case study conducted by
Fildes and Goodwin (2021), managers persisted with a
poor-performing forecasting system because they could
overwrite suggestions based on their judgment. Good-
win (2000) tests three different methods for overcoming
algorithm aversion. The first method involved asking
forecasters if they wanted to make a change for each
forecast, with the default being no. The second method
asked forecasters to input the reason for the change,
while the third method involved asking forecasters to
adjust existing statistical forecasts rather than generating
entirely new predictions. The study concludes that the
first two approaches were effective in improving the use
and acceptance of algorithmic suggestions.

Forecasting accuracy results from the joint work
between the system decision aid provided and the human
experts (Seifert and Hadida 2013). In practice, a less
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accurate model prediction requires more work from
human experts (Alvarado-Valencia et al. 2017). Baecke,
De Baets, and Vanderheyden (2017) find that final per-
formance improves when human predictions are inte-
grated as a predictive variable into a forecasting model.
Franses and Legerstee (2013) suggest that when the fore-
casting system’s performance is poor, incorporating deci-
sion makers’ mental models into the forecasting model is
useful. Franses and Legerstee (2011) explain that incor-
porating the expertise of forecasters and considering
their historical accuracy by assigning appropriate weights
to their decisions improves the overall forecasting
accuracy.

Conclusion: Model complexity should be tailored
based on the careful examination of the human decision-
maker’s needs and cognitive capabilities. Besides, human
biases that hinder trust in algorithmic advice should be
considered.

4. A journey of a new system - acceptance and
continued use

When designing a system, two phases of use must be
considered: system acceptance and continued use (Davis
1985; Karahanna, Straub, and Chervany 1999). System
acceptance refers to the extent to which humans initially
accept and are willing to use a particular system (Davis
1985). The system’s continued use refers to the ongoing
and sustained utilisation of a system by humans over an
extended period. In different phases, humans make dif-
ferent decisions with respect to the system, i.e. whether to
adopt the system or sustain its usage. We review IS litera-
ture to understand the key factors impacting human deci-
sions in the two phases. Table 6 summarises this literature
based on the two phases of the human-system interaction
journey, the research method and the relevant theories.
Sections 4.1 and 4.2 discuss relevant literature on system
acceptance and continued use phases, respectively.

4.1. Phase 1: system acceptance

Regardless of how intelligent the system is, without the
human’s willingness to use it, the system fails. Davis,
Bagozzi, and Warshaw (1989) initiate the Technology
Acceptance Model (TAM), in which they identify two
key determinants of human attitude towards the sys-
tem: Perceived Usefulness (PU) and Perceived Ease of
Use (PEOU). Davis defines PU as ‘the degree to which
a person believes that using a particular system would
enhance his/her job performance’ (Davis 1989, 320) and
PEOU as ‘the degree to which an individual believes
that using a particular technology would be free from
effort’ (Davis 1989, 320). Although both PEOU and PU
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Table 6. Summary of State-of-the-art Literature on Human-System Interaction in Information Systems.

System Phase

Author Year Relevant Theory Research Metod Acceptance Continued Use
Davis et al. 1989 Technology Acceptance Model Conceptual Model v

Goodhue & Thompson 1995 Technology-to-Performance Chain Conceptual Model v

Keil et al. 1995 Technology Acceptance Model Empirical Study v v
Venkatesh & Davis 1996 Technology Acceptance Model Lab Experiment v

Dishaw & Strong 1999 Integrated TAM/TTF Model Conceptual Model v

Agarwal & Karahanna 2000 Technology Acceptance Model Conceptual Model v

Venkatesh & Davis 2000 Technology Acceptance Model Conceptual Model v

Bhattacherjee 2001 Post Acceptance Model of IS Continuance Conceptual Model v
Delone & McLean 2003 Information System Success Model Conceptual Model v

Bhattacherjee & Premkumar 2004 Technology Acceptance Model Conceptual Model v
Jasperson et al. 2005 Model of Post-Adoptive Behaviour Conceptual Model v
Burton-Jones & Hubona 2006 Technology Acceptance Model Empirical Study v v
Komiak & Benbasat 2006 Theory of Reasoned Action Conceptual Model v

Limayem et al. 2007 Post Acceptance Model of IS Continuance Conceptual Model v
Larsen et al. 2009 Post Acceptance Model of IS Continuance Conceptual Model v
Deng etal. 2010 Theory of Reasoned Action Conceptual Model v
Rezvani et al. 2017 Post Acceptance Model of IS Continuance Conceptual Model v

IS denotes Information System.

are important in shaping acceptance behaviour, PEOU
is considered an antecedent of PU (Davis, Bagozzi, and
Warshaw 1989). PEOU of a system could influence how
humans perceive system usefulness, ultimately affecting
their decision to accept or reject using the system. Before
hands-on experience with the system, providing proce-
dural information (i.e. instructions and guidelines) about
the system does not impact human beliefs towards the
system (Venkatesh and Davis 1996). Instead, the human’s
confidence in their ability to use a system (self-efficacy)
influences their PEOU of the system. Keil, Beranek, and
Konsynski (1995) propose a framework based on the
PEOU and PU characteristics. The authors highlight the
critical role of PEOU during the acceptance phase, as
humans tend to resist systems that lack clarity and are
difficult to learn. They suggest that improving PEOU
requires improving the system’s user-friendliness. Prior
affinity with the system change the impact of PEOU and
PU on acceptance decisions (Agarwal and Karahanna
2000). Similarly, the empirical study of Burton-Jones and
Hubona (2006) shows that prior experience with a system
directly increases usage.

Venkatesh and Davis (2000) extend TAM to TAM
IT by incorporating non-technical aspects of a system.
For instance, subjective norms can influence human’s
PU. Subjective norms are individuals’ beliefs about the
expectations and opinions of others regarding the adop-
tion and use of technology. This includes considering
what colleagues, friends, or other important individ-
uals may think about using the system. The authors
explain that human attitudes towards the system are
also impacted by their environment and the people they
work with.

Some researchers do not explicitly distinguish between
PEOU and PU. DeLone and McLean (2003) suggest that

system and information qualities influence human sat-
isfaction. The system quality is evaluated by availabil-
ity, reliability, response time, etc. The information qual-
ity is evaluated by completeness, ease of understanding,
and relevance. The Task-Technology Fit (TTF) model
of Goodhue and Thompson (1995) claims that a better
alignment between a task’s requirements and the system’s
capabilities leads to a higher chance that the technology
will be adopted and utilised effectively. Komiak and Ben-
basat (2006) explain two types of intention to use the
technology based on its fit with human needs: intention
to use as a decision aid provided and intention to use as a
delegated agent. So far, we have discussed different theo-
ries separately, but integrating these models enhances our
ability to explain and predict technology usage (Dishaw
and Strong 1999).

Conclusion: The perceptions of usefulness and ease
of use, as well as overall attitude towards a system,
are shaped by a combination of system characteristics,
individual differences, and social influences. PEOU is
regarded as a precursor to PU throughout this dynamic
interaction, highlighting the importance of user-friendly
and intuitive designs in showing positive human percep-
tions and acceptance of technology.

4.2. Phase 2: continued use

Humans start to form their attitude towards continued
use of the system after the acceptance phase (Bhattacher-
jee and Premkumar 2004). Burton-Jones and Hubona
(2006) identify two aspects of continued use: frequency,
which refers to how often a system is used over a period,
and volume, which refers to how long the system is used
over the same period. The authors find that positive
experiences with the system impact both frequency and



volume. Similarly, Bhattacherjee (2001) and Deng et al.
(2010) show that a positive usage experience encour-
ages humans to continue to use the system. This satis-
faction is considered more important than human per-
ception of the system’s usefulness (Bhattacherjee 2001).
Nevertheless, when the system does not prove as useful
as expected, humans do not completely avoid it. Even
when a system exhibits limitations, humans often tend
to rely on a subset of features that they find most use-
ful (Jasperson, Carter, and Zmud 2005). Limayem, Hirt,
and Cheung (2007) show that less conscious intention is
required when humans habitually use a system.

While system functionalities play a significant role
in shaping human behaviour, environmental factors can
also influence it. For instance, Rezvani, Khosravi, and
Dong (2017) show the impact of different leadership
styles (transactional vs transformational) on intrinsic
and extrinsic motivation. The main difference between
transformational and transactional leadership is the way
leaders motivate their followers. Transformational lead-
ers inspire and empower subordinates, while transac-
tional leaders focus on maintaining control and offering
rewards for desired performance. The authors observe
that distinct leadership styles result in diverse behaviours
concerning the same system. Larsen, Serebg, and Serebo
(2009) provide two explanations for the continued use
intention. The first explanation, the work system-centric,
explains that humans who perceive the actual system
as aligned with their work requirements tend to utilise
a wider range of its functionalities, which leads to a
stronger intention to continue using the system. The sec-
ond explanation, satisfaction-based, explains that human
satisfaction with the system is influenced by the degree
to which the system meets human’s initial expectations,
which contributes to a strong intention to continue using
the system.

Keil, Beranek, and Konsynski (1995) explain that PU
becomes more important than PEOU in the contin-
ued use phase. The authors explain that while POEU
attracts humans initially, the system functionalities are
the important determinant of continued use. Systems
with high PEOU but low PU appear attractive firsthand
but have limited long-term viability. They explain that to
improve the PU of the system, its functionalities should
be improved. The authors conclude that successful sys-
tems should find a balance between PEOU and PU.

Conclusion: During the continued use phase, the focus
shifts towards the PU. Consequently, the functionality of
the system becomes crucial in determining sustained use.
When the system has limitations, habit leads to reliance
on the limited functionalities of the system.

INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 4875

5. Future research in production planning: a
research agenda

In Section 2, we reviewed PP research and found limited
literature on the interactions between human planners
and PP systems. In Section 3, we reviewed the forecasting
literature to learn about human limitations and capabil-
ities when their decisions are supported by forecasting
systems. We categorise the literature in Sections 2 and 3
based on the Zmud (1979) system elements and human
factors. For example, Dietvorst and Bharti (2020) explain
how algorithm aversion relates to humans’ diminishing
sensitivity to errors in uncertain domains. We categorise
this paper under decision aid provided and human cogni-
tive limitations.

Our review of PP and forecasting literature pro-
vides a good understanding of human limitations and
capabilities related to different system elements but
not yet in relation to the system phases. In Section
4, by reviewing IS literature, we introduce two phases
of the journey of a new system: system acceptance
and continued use. For example, we conclude that the
algorithm aversion explained by Dietvorst and Bharti
(2020) often occurs during the early interactions between
humans and systems. We suggest that researchers and
practitioners address algorithm aversion during the
system acceptance phase rather than the continued
use phase.

In this section, we introduce a two-phase x three-
element matrix to provide guidelines for human-centred
PP system design and to highlight future research direc-
tions. In Section 5.1, we present our primary finding
regarding the system acceptance phase. We then break
this finding down into three secondary findings in Sec-
tions 5.1.1 through 5.1.3, each related explicitly to one of
the three system elements. Section 5.2 follows a similar
structure. We start with our primary finding about the
continued use phase and then present three secondary
findings in Sections 5.2.1 through 5.2.3 associated with
each of the three system elements.

Each section starts by discussing relevant IS research
to consider during specific phases of the human-system
interaction journey. We then illustrate how these findings
apply by presenting relevant examples from PP and fore-
casting studies. These examples are categorised based on
the common topics they cover. Each section ends with a
discussion of possible future research directions for PP.
An overview of findings per system element and system
journey phase is provided in Table 7. An overview of
future research topics in PP per system element and sys-
tem journey phase is provided in Section 6 (see Table 8).
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Table 7. Findings based on Two-phase x Three-element Matrix.

Phase Element

Information Received Delivery System Decision Aid Provided

SA: During the system acceptance phase, the Perceived Ease of Use (PEOU) plays an important role in shaping acceptance decisions.
System Acceptance PEOU has greater significance in the delivery system and information received than in the decision aid provided.

SA.1 SA.2 SA.3

To achieve a high PEOU, the information
received has to consider quality,

To achieve a high PEOU, the information
received has to consider quality,

To achieve a high PEOU, decision aid
provided has to prevent unnecessary
relevance, volume, and updating relevance, volume, and updating complexity and provide the ability to
frequency. frequency. modify.
CU: During the continued use phase, the Perceived Usefulness (PU) plays an important role in the sustained use of the system. PU has

Continued Use greater significance in the decision aid provided than in the information received and delivery system.

cu.1 Ccu.2 cu3

To achieve a high PU, information received
has to consider planners’ cognitive
limitations and capabilities.

To achieve a high PU, the delivery system
has to consider planners’ cognitive
limitations. loop.

To achieve a high PU, the decision aid

provided has to consider humans in the

5.1. System acceptance

In the system acceptance phase, Perceived Ease of Use
(PEOU) is the primary factor influencing planners’
acceptance decisions (Davis 1989). PEOU has to be con-
sidered in the system elements while designing a system
(Keil, Beranek, and Konsynski 1995). The information
received and the delivery system are the two essential
elements of PEOU. The decision aid provided does not
directly influence the PEOU (Agarwal and Karahanna
2000; Venkatesh and Davis 1996).

Finding SA: During the system acceptance phase, the
Perceived Ease of Use (PEOU) plays an important role in
shaping acceptance decisions. PEOU has greater signif-
icance in the delivery system and information received
than in the decision aid provided.

5.1.1. Information received

The quality and nature of the information that the plan-
ners receive during the acceptance phase influence their
perception of the system (DeLone and McLean 2003).
Clear, concise, and relevant information that aligns with
the planners’ needs and expectations enhances their
understanding and confidence in using the system. Pro-
viding information tailored to specific tasks and respon-
sibilities stimulates planners’ sense of familiarity and
usability, promoting acceptance (Goodhue and Thomp-
son 1995).

Finding SA.1: To achieve a high PEOU, information
received has to consider quality, relevance, volume, and
updating frequency.

5.1.1.1. Information received quality. When the avail-
able information is limited or not sufficiently accurate, we
refer to it as poor information quality. Human interven-
tion becomes crucial when poor-quality information is
provided (Fildes and Petropoulos 2015). In these situa-
tions, human planners must rely on past experiences and

draw analogies to fill the gaps (Lee et al. 2007). Because
planners habitually overvalue the information they pos-
sess (Arnold 2018; Tong, Feiler, and Larrick 2018), when
the information provided is limited, planners compen-
sate for this by making (unnecessary) adjustments to the
system suggestions (Fransoo and Wiers 2008). Similarly,
framing information in a complex way leads to noisy
interpretations and unnecessary adjustments (Feiler and
Tong 2022).

5.1.1.2. Information received relevance. The informa-
tion given to planners should be relevant to the goal
(Webby, O’Connor, and Edmundson 2005). For exam-
ple, if the goal is to educate planners, providing detailed
descriptions is important; however, if the goal is to
assist planners’ decision-making, detailed information
can cause confusion (Parikh, Fazlollahi, and Verma
2001). The relevance of information differs for differ-
ent industries. For example, in industries where trends
change quickly, historical information may not be rel-
evant for forecasting demand (Seifert et al. 2015). In
addition, the effectiveness of relevant information can
differ for different individuals (Letmathe and Zielinski
2016). For instance, financial information regarding per-
formance may be more effective for some individuals.
(Goodwin, Géniil, and Onkal 2019).

5.1.1.3. Information received volume & updating
frequency. Human planners have limited cognitive capac
ity to process large volumes of information (Webby,
O’Connor, and Edmundson 2005). When a system pro-
vides planners with excessive information, they tend to
obtain the initial impression that the system is bur-
densome. Distinguishing noise from the provided infor-
mation can efficiently reduce the information volume
(Satopéd et al. 2021). For example, historical informa-
tion can be deemed noise in the fashion industry, where



trends change rapidly (Seifert et al. 2015). The informa-
tion update frequency has to be compatible with the plan-
ners’ cognitive capacity. When the information updates
are too frequent, planners will suffer from information
overload cognitive fatigue, leading to a vicious circle of
errors and poor performance (Haeussler et al. 2021).

5.1.1.4. Future research directions. There are at least
three directions for future research that can enhance
PEOU for the information received. First, behavioural
studies through lab and field experiments or empirical
studies through case studies can examine which types of
poor-quality information can or cannot be compensated
by the planners’ intuition and analogy from past expe-
riences. Second, empirical studies through case studies
and interview data can identify the relevant informa-
tion to planners, e.g. capacity, delivery time, etc. Third,
behavioural studies can examine what volume and updat-
ing frequency of system information does not overwhelm
planners. Field and lab experiments or empirical studies
through interviews can be used to determine a plausible
update frequency that keeps a balance between providing
timely information and avoiding unnecessary interven-
tions. In other application areas, Bolton and Katok (2008)
and Lurie and Swaminathan (2009) have studied simi-
lar topics, offering potential avenues for further research
in PP.

5.1.2. Delivery system

The delivery system connects the system to the humans.
Delivery system transparency and clarity are both impor-
tant for the system acceptance phase (Keil, Beranek, and
Konsynski 1995). Presenting the underlying model in an
easy way facilitates acceptance of a system (DeLone and
McLean 2003).

Finding SA.2: To achieve a high PEOU, the delivery
system has to consider effective and transparent presen-
tations.

5.1.2.1. Presentation format in the delivery system. The
delivery system should present information in an effec-
tive way. Generally, visuals perform better than com-
plex textual information in reducing the cognitive load
(Brolin, Thorvald, and Case 2017; Schock et al. 2010).
The efficiency of using visuals depends on the goal. For
instance, tabular presentation is more effective than fig-
ures for presenting untrended data (Harvey and Bolger
1996). However, graphical information can better high-
light patterns in the trended data. Therefore, choosing
an effective way to present the information is crucial
(Yahouni et al. 2018).
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5.1.2.2. Transparency in the delivery system. Trans-
parency is crucial to prevent misunderstandings and
to ensure accurate interpretations of the system’s state
and Key Performance Indicators (KPIs) (Bendul 2019;
Bendul and Knollman 2016). Visualising the result of
modifying algorithm constraints is an example of trans-
parency. If the delivery system provides planners with
a visual tool, such as a drag and drop, to preview the
outcome of their proposed modification, the system
becomes more understandable. While transparency is
essential, excessive transparency has unintended nega-
tive consequences. For instance, when uncertainties in
system-generated predictions are openly presented to
planners, it generates unnecessary concerns about system
capabilities (Leffrang and Miiller 2021). This leads to a
loss of trust in the system, as planners feel unsure about
the reliability of the information provided (Dietvorst,
Simmons, and Massey 2015).

5.1.2.3. Future research directions. There are at least
two avenues for future research to enhance PEOU
through the delivery system. First, behavioural studies
through lab and field experiments or empirical studies
through case studies can investigate whether different
presentation formats, such as figures, tables, and textual
information, impact planners’ decision-making speed
and performance differently. For instance, researchers
can explore whether, through figures, humans can deal
with more volume and/or updating frequency. Second,
behavioural studies through lab experiments and empir-
ical studies through interviews can assess the optimal
level of transparency without causing concerns about
system capabilities. Recent studies in other application
areas have indicated that excessive transparency may give
humans the false impression that they fully understand
complex system reasoning, leading to overconfidence
(DeStefano et al. 2022). Research within the realm of
PP could define the right level of transparency to make
sophisticated systems understandable without adverse
effects.

5.1.3. Decision aid provided

During the acceptance phase, decision aid provided plays
a relatively minor role because planners are mainly influ-
enced by the information received and the delivery
system. Nevertheless, decision aid provided should be
designed to provide valuable support, be learnt easily,
and help humans build confidence to use the system
(Goodhue and Thompson 1995). Unnecessary complex-
ity in the algorithm indirectly harms acceptance deci-
sions. Human intention to have an active role and use a
system as a decision aid provided (compared to a dele-
gated agent) is impacted by the fit between system and
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task (Goodhue and Thompson 1995; Komiak and Ben-
basat 2006).
Finding SA.3: To achieve a high PEOU, decision aid pro-

vided has to prevent unnecessary complexity and provide
the ability to modify.

5.1.3.1. Decision aid provided complexity. Human aver-
sion towards algorithmic suggestions is a commonly
observed phenomenon (Dietvorst, Simmons, and Massey
2015; Dietvorst and Bharti 2020). The algorithm’s
complexity leads to algorithm aversion (Himmelstein
and Budescu 2023). Algorithms (and their complex-
ity) should align with the specific needs of the plan-
ners (Wiendahl et al. 2005) and their tasks (Fildes
and Petropoulos 2015). Unnecessary complexity leads
to errors and harms the human’s trust in the system
(Green and Armstrong 2015). Additionally, complex
models that rely on large amounts of information may
not perform well when insufficient information is avail-
able (Katsikopoulos, Durbach, and Stewart 2018). In such
cases, complexity leads to inaccuracies, which further
increase planners’ aversion towards the algorithms (Cha-
con, Kausel, and Reyes 2022; Daschner and Obermaier
2022).

5.1.3.2. Decision aid provided ability to modify. Humans’
overconfidence in their solutions contributes to their
aversion towards algorithms (Zoryk-Schalla, Fransoo,
and de Kok 2004). However, when individuals are given a
sense of control over the system’s suggestions, such as the
ability to modify the suggestions, their aversion towards
algorithms decreases (Dietvorst, Simmons, and Massey
2018; Goodwin 2000; Jung and Seiter 2021). The ability
to modify the system allows the human to use the system
as a tool that complements and enhances their decision-
making limitations. As a result, they may quickly develop
trust in the system.

5.1.3.3. Future research directions. Future research
might be able to confirm the minor role of the deci-
sion aid provided in the acceptance phase. We suggest
researchers focus on the other two system elements dur-
ing the acceptance phase. The decision aid provided
should be the focus of the continued use phase; see
Section 5.2.3.

5.2. Continued use

A system’s Perceived Usefulness (PU) influences plan-
ners sustained system usage after the acceptance phase.
In the continued use phase, PU is formed and con-
stantly evaluated against the actual usefulness of the

system (Keil, Beranek, and Konsynski 1995). Misalign-
ment between PU and actual usefulness reduces system
usage (Larsen, Serebg, and Serebe 2009). When the sys-
tem is more useful than the PU, satisfaction increases
(Bhattacherjee 2001; Deng et al. 2010), and the usage in
terms of both frequency and magnitude increases accord-
ingly (Burton-Jones and Hubona 2006). However, usage
decreases when the actual usefulness is less than the
PU. In this case, humans who have accepted the system
may still stick to using limited functionalities of the sys-
tem (Jasperson, Carter, and Zmud 2005) because of the
habit (Limayem, Hirt, and Cheung 2007). The PU has to
be considered throughout the three elements of system
design (Keil, Beranek, and Konsynski 1995). The PU is
extremely important in the element of decision aid pro-
vided, as the decision aid provided determines solution
quality.

Finding CU: During the continued use phase, Perceived

Usefulness (PU) plays an important role in the sustained

use of the system. PU has greater significance in the deci-

sion aid provided than in the information received and
delivery system.

5.2.1. Information received

Information Received has to consider human cogni-
tive capabilities and limitations. When the information
neglects human factors, it impacts human performance
negatively. Planners continuously assess the actual use-
fulness of the information they receive to improve their
decisions (Keil, Beranek, and Konsynski 1995). Less
useful information leads to dissatisfaction and triggers
unnecessary human interventions (Bhattacherjee 2001;
Deng et al. 2010). The alignment among the infor-
mation received, planners cognitive capabilities, and
task requirements increases planners’ satisfaction, which
leads to continued use.

Finding CU.l: To achieve a high PU, information

received has to consider planners’ cognitive limitations
and capabilities.

5.2.1.1. Planners’ cognitive limitations. When planners
interact with the system, their cognitive biases and
thinking patterns play a role (Arnold 2018; Wiers and
de Kok 2017). For example, humans anchor on avail-
able information and undervalue unknown information
(Tong, Feiler, and Larrick 2018). Nevertheless, providing
an overload of information and frequent updates harms
decision-making accuracy (Feiler and Tong 2022; Haeus-
sler etal. 2021; Satopad et al. 2021; Webby, O’Connor, and
Edmundson 2005). Therefore, providing the right vol-
ume of information contributes to the perception of the
system’s usefulness (Goodwin, Goniil, and Onkal 2019;
Parikh, Fazlollahi, and Verma 2001).



5.2.1.2. Planners’ cognitive capabilities. Planners’ cog-
nitive capabilities can compensate for missing or poor-
quality information in a system (Fildes and Petropoulos
2015). Planners can make analogies from their experi-
ences that can compensate for the missing information
(Lee et al. 2007). Their information processing capabil-
ities, such as prioritising useful information, help them
identify valuable content in extensive datasets (Vijayaku-
mar et al. 2022). Besides, humans can consolidate the
information generated by different models or agents and
make conclusions (Hernes and Bytniewski 2017).

5.2.1.3. Future research directions. At least two direc-
tions for future research can enhance PU for the informa-
tion received. First, behavioural studies through lab and
field experiments or empirical studies through case stud-
ies can identify behavioural biases due to cognitive lim-
itations when information lacks simplicity (quality, rele-
vance, volume, and updating frequency). Recent studies
in other application areas have studied similar topics.
For example, researchers can explore planners” anchoring
effects when receiving irrelevant information, i.e. Yasseri
and Reher (2022). Second, researchers can explore what
information deficiencies planners’ information process-
ing capabilities can compensate for. For example, Robey
and Taggart (1982) find that when information is miss-
ing, humans can still rely on their intuitions to make good
decisions.

5.2.2. Delivery system

During the continued use phase, the emphasis shifts
from the perception of the system’s simplicity to the
perception of the usefulness of its functionalities (Keil,
Beranek, and Konsynski 1995). Systems with limited
functionality cause human dissatisfaction (Jasperson,
Carter, and Zmud 2005). The delivery system should
consider human cognitive limitations, improving their
satisfaction to promote continued use.

Finding CU.2: To achieve a high PU, the delivery system
has to consider planners’ cognitive limitations.

5.2.2.1. Planners’ cognitive limitations. Although the
underlying model predominantly determines the PU of a
system, information presentation and interface indirectly
influence PU. A well-designed interface that effectively
conveys its intended message needs to consider cognitive
limitations. For instance, planners can be biased towards
the recent updates they receive (Theocharis, Smith, and
Harvey 2019). The system can mitigate this bias by letting
planners make decisions starting from the most distant
future period (Theocharis and Harvey 2016). Kusev et al.
(2018) find that presenting events sequentially improves
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accuracy in forecasting, as it considers relevant events
for decision-making. Yahouni et al. (2018) show that
real-time disruptions can help planners, but it might not
work when disruptions occur too frequently. Visual pre-
sentations can help planners make fast and high-quality
decisions (Brolin, Thorvald, and Case 2017; Schock et al.
2010). Nevertheless, visual presentations are not suitable
for displaying untrended information as they can lead to
overreactions in decisions (Harvey and Bolger 1996). The
visuals should be relevant to the task and its objectives
(Stowasser 2006).

5.2.2.2. Future research directions. Several research
directions can be pursued to enhance PU for the deliv-
ery system. For instance, behavioural studies through lab
or field experiments or empirical studies through case
studies can examine how to use visuals to mitigate plan-
ners’ bias. Similarly, empirical studies can assess which
types of visuals are relevant in a specific PP context. Rel-
evant visuals can differ in variant PP contexts. In other
application areas, researchers such as Benbasat and Dex-
ter (1985), Lalomia and Coovert (1987), and Mousavi,
Low, and Sweller (1995) have investigated similar topics,
offering potential avenues for further research in PP.

5.2.3. Decision aid provided

During the continued use phase, the decision aid pro-
vided plays a key role in shaping the quality of solutions.
The decision aid provided directly impacts the planners’
experience with the system (Keil, Beranek, and Konsyn-
ski 1995). Positive usage experiences increase planners’
satisfaction and encourage them to continue using the
system (Bhattacherjee 2001; Deng et al. 2010; Larsen,
Serebg, and Serebe 2009). Conversely, when the deci-
sion aid provided does not coordinate with planners
well, satisfaction decreases (Jasperson, Carter, and Zmud
2005), and planners might utilise a limited set of system
functionalities out of habit (Limayem, Hirt, and Cheung
2007).

Finding CU.3: To achieve a high PU, the decision aid
provided has to consider humans in the loop.

5.2.3.1. Human in the loop. PP performance is a result
of the collective effort of the system and the planners
(Moscoso, Fransoo, and Fischer 2010; Seifert and Hadida
2013). Planners can recognise whether a system is per-
forming well or poorly (Baecke, De Baets, and Vander-
heyden 2017). Nevertheless, they do not entirely abandon
those poorly performing systems (Fildes and Goodwin
2021); instead, they rely on limited functionalities of sys-
tems because of habit, environmental factors and social
norms. When systems are less accurate, more human
intervention can compensate for such system limitations
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(Alvarado-Valencia et al. 2017; Franses and Legerstee
2013), and thus planners’ adjustments become more
important. To make systems functional and effective,
incorporating human cognitive capabilities is important
(Merten, Hiitt, and Uygun 2022). For example, algo-
rithms that provide soft and hard constraints facilitate
planners’ understanding of which constraints cannot be
violated while making ad hoc adjustments to the sys-
tems (Silva 2009). Algorithms can help planners” deci-
sions. For instance, digital twins speed up planners’ deci-
sions by providing real-time information and simulations
(Graessler and Pohler 2017; Rozanec et al. 2022). Wiers
and de Kok (2017) explain that humans are the main
decision-makers for complex tasks, while routine tasks
can be completely automated. However, the design of the
decision aid provided should strike a balance between
human involvement and system autonomy. Human inter-
vention can be limited when the systems perform well
(Franses and Legerstee 2011; Oberc et al. 2018). Ulti-
mately, this collaborative approach maximises the overall
performance and efficiency of the combined human-
system interaction.

5.2.3.2. Future research directions. At least two direc-
tions for future research can enhance PU for the decision
aid provided. First, lab and field experiments and case
studies can assess the PP performance while planners
are using different systems in terms of the decision aid
provided. For instance, the decision aid provided can dif-
fer in terms of solution accuracy. Within PP, a limited
body of research examines planners’ decisions and per-
formance while they are using different systems. In other
application areas, Kahr et al. (2023), Leffrang, Bosch,
and Miiller (2023), Yin, Wortman Vaughan, and Wal-
lach (2019), and Yu et al. (2017) have conducted studies
on the impact of system accuracy on trust and perfor-
mance. Second, researchers can analyse planners’ cog-
nitive capabilities that can be used in algorithms. Using
such a behaviour-driven approach, algorithms can effi-
ciently focus on the most relevant variables and select
the most relevant datasets, improving the quality of the
decision aid provided. Besides, researchers can investi-
gate the optimal weighting of human judgment versus
system suggestions to improve overall performance.

6. Discussion and conclusion

Behavioural Production Planning (PP) lacks compre-
hensive knowledge about human-system interaction.
Researchers in PP have been developing sophisticated
algorithms to deal with uncertainty (Mula et al. 2006) but
have paid little attention to humans’ cognitive limitations

and capabilities. Most of the systems adopted by prac-
titioners lack fundamental functionalities to assist them
in performing the PP task (Graves 2011), which in turn
leads to frequent and high-magnitude human interven-
tions (Fransoo and Wiers 2008). In reviewing PP systems,
Guzman, Andres, and Poler (2022) highlight the need for
future researchers to concentrate on the social, economic,
and environmental characteristics. Donohue, Ozer, and
Zheng (2020) call for research to understand human-
system interaction in operations research as it provides
arich problem context. We respond to this call for action
in this paper.

Table 7 summarises our theory-driven findings that
serve as guidelines for designing a human-centred PP
system. We propose that during the system acceptance
phase, human behaviour towards the system is mainly
impacted by its Perceived Ease of Use (PEOU). PEOU can
be improved through the delivery system and informa-
tion received. Perceived Usefulness (PU) becomes crucial
for deciding whether to continue using the system dur-
ing the continued use phase. PU is mainly influenced by
the decision aid provided. Table 8 summarises our collec-
tive understanding of different streams of literature and
translates them into future research questions in PP per
system element and system journey phase. In Section 5,
we explain the future research directions and the meth-
ods that we find relevant per system element. The choice
of research method, however, depends on the question
itself. Our approach is meant to inspire researchers to
start their studies.

When systems are useful, people can still use them
ineffectively. They can under-rely on the system when the
system generates errors. System neglect theory explains
people who focus on immediate system errors can form
negative attitudes towards using the systems (Massey and
Wu 2005). People can also over-rely on a system if they
trust it too much. For example, a system that is designed
for a highly uncertain environment includes high safety
stock levels. People can over-rely on the system by accept-
ing a high safety-stock level even when the situation
becomes less uncertain.

The design of human-centred systems must account
for other factors. Incentives can impact human-system
interaction in two forms. One form is alignment between
the system and humans. Misalignment of incentives
between humans and the system can result in biased deci-
sions (Oliva and Watson 2009). For example, a system
that emphasises service levels may recommend increas-
ing stock, which conflicts with reducing costs. Another
form of incentive is the human incentive for performing
well. For example, a bonus system can incentivise human
planners to perform well to have less inventory costs
or a high service level. The monetary-relevant incentive
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Table 8. Agenda for Future Research in Production Planning per System Element and System Journey Phase.

System Element

Human Factor System Phase

Decision
Future Research Information Aid Continued
Question Research Metod Received Provided Limitations  Capabilities  Acceptance Use
Which information Lab & Field Experiment, v v v
quality deficits can Case Study
be compensated by
planners’
capabilities?
Which information is Case Study & Interview v v v
relevant to planners
taking context into
account?
Which volume and Lab & Field Experiment, v v v
update frequency Interview
does not overwhelm
planners?
What presentation Lab & Field Experiment, v v
format can improve Case Study
planners’
decision-making
speed?
Which level of Lab Experiment, v v
transparency does Interview
encourage planners’
trust in system
capabilities?
What are the planners’ Lab & Field Experiment, v v v
cognitive limitations Case Study
when information
lacks simplicity?
What are the planners’ Lab & Field Experiment, v v v
capabilities when Case Study
information lacks
simplicity?
How can the Lab & Field Experiment, v v
presentation format Case Study
incorporate planners’
cognitive limitations?
How does the solution Lab & Field Experiment, v v v
accuracy impact Case Study
planners’
performance?
How can we Lab & Field Experiment, v v v
incorporate planners’ Case Study

cognitive capabilities
into the solution?

can also contribute to the human planners’ motivation to
adapt themselves to use a new system. Thus, human per-
formance is shaped by the broader ecosystem (Gino and
Pisano 2008; Schweitzer and Cachon 2000).

Our purpose for writing this paper was to offer a
drop of clarity in the complex ocean of human-system
interaction in PP. We hope that our paper can be the
starting step in explaining (inconsistent) results of cur-
rent literature, a guideline for system designers to focus
on designing human-centred systems, and a call to action
for researchers to focus on the human-system interaction
in PP.
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