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Abstract
Theorists suggest that problem-solving is an important element to engender higher order learning outcomes. According to 
case-based reasoning (CBR) theory, learners in inquiry-based learning (IBL) are able to engage in deep learning and retain 
cases over time, which better prepares them for domain practice. Although various studies have explored the experiences of 
learners as they engage in IBL , few studies have quantified how experts and novices weigh variables within a case and the 
degree to which they differ. In this study, experts and novices weighed an array of indices (labels) on a series of IBL) cases. 
Novices’ questions were also analyzed. Using the structural-function-behavior (SBF) framework, the study found differences 
on basic understanding (structure) and systems thinking (function); however, no differences on casual reasoning (behavior). 
Implications for case-based reasoning retrieval and reuse are discussed, as well as IBL.
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Introduction

Research shows that practitioners often encounter complex 
and ill-structured problems as they resolve domain-specific 
problems (Hara & Schwen, 2006; Stefaniak, 2020). Because 
no single solution exists for these types of problems, indi-
viduals must assess the viability of  solutions in light of 
the differing constraints and parameters faced within a par-
ticular context (Jonassen, 2011). These problems are also 
highly situated, so individuals must consider an array of 
factors as they solve these problems, such as the alterna-
tive perspectives and domain-specific rules embedded in 
each case (Jonassen, 1997). Others argue that individuals 
also process the experiences differently based on their prior 
cases, which impact their problem-solving strategies and 
how they engage in collaborative argumentation with their 
peers (J. Baker et al., 2019).

Given the importance of problem-solving for 
domain challenges , educators often advocate for  inquiry-
based learning (IBL) as an instructional strategy, which 
argues that learners be given similar problems to the types 
of issues faced by practitioners (Lazonder & Harmsen, 
2016). Theorists argue that as learners resolve these issues, 
they are more likely to engage in problem representation 
(Ge et al., 2016), question asking (Tawfik et al., 2020a), 
decision-making (Heinrichs, 2002), and solution gen-
eration. Whereas didactic forms of instruction are more 
focused on dissemination and memorization of information, 
many argue these higher-order learning outcomes afforded 
by IBL better prepare learners for the types of contextual 
problems that experts face in practice (Jamshidi et al., 2021; 
Koehler et al., 2019).

An important element of IBL is how learners reason 
through ill-structured problems, which are often provided 
in the form of cases. It is argued that as learners encounter 
multiple cases, they are able to build expertise as part of 
their classroom activities. One way to understand the differ-
ence between experts and novices is through the theory of 
case-based reasoning (CBR), which suggests that individu-
als process experiences as cases from which they can draw 
upon over time (Schank, 1999). Specifically, CBR theory 
argues that learners will reference their internal case libraries 
when a similar problem is encountered. The prior case helps 
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understand the parameters of the extant problem, while also 
suggesting solutions to resolve the present issue (Kolodner, 
1991). CBR theory further posits that individuals can com-
bine solutions from multiple experiences drawn from their 
case libraries (Jonassen, 2011). Another important element 
for retrieval and reuse includes indexing; that is, the labels  
that individuals assign to the case that impact retrieval and reuse  
during future problem-solving. However, qualitative research 
and case studies show that experts and novices index the 
cases in substantially different ways (Jacobson, 2001; Reilly 
et al., 2019). Research shows that problem-solving experts 
use well-indexed cases to recognize patterns and cues that aid 
in focusing on the problem as a whole, whereas novices dis-
card information that does not fit their initial line of thinking 
(Schubert et al., 2013). Because cases include both latent and 
salient variables that make learning challenging, there have 
been calls to implement strategies that best support learners 
as they understand and reflect on their IBL experiences (Ge 
et al., 2016; Mamede et al., 2019).

While research has explicated the differences between 
experts and novices in domain practice, there is limited  
research as it relates to indexing of cases that learners encounter  
during IBL. This is important for multiple reasons. First, it 
provides insight as to how learners understand and weigh the 
contextual variables within the case. If learners are unable  
to properly understand and assign value to the various con-
cepts within a case, it will impact learners’ future ability  
to retrieve and reuse the experience for future IBL cases. It 
also impacts how learners iterate their problem-solving and 
seek out solutions to remedy their knowledge gaps. While the  
literature has explored differences between experts and nov-
ices using qualitative data in workplace contexts, few studies  
have explored the differences between these groups within  
an IBL classroom experience. To remedy this gap, we first  
present the literature on CBR, as well as empirical studies that 
compare reasoning processes across experts and novices. We then  
present a formative project that is part of a larger design-
based research project (DBR) that aims to use prior cases as 
scaffolds during IBL. Specifically, this formative project (a) 
compares how experts and novices weigh indices and (b) the  
questions that learners generate during problem-solving.

Literature Review

Inquiry‑Based Learning, Case‑Based Reasoning

Given the types of ill-structured problems that practitioners 
resolve, various instructional strategies, such as inquiry-based 
learning (IBL), argue that learners should be given cases that 
are representative of domain issues (Lazonder & Harmsen, 
2016). These problems are often ill-structured based on a 
variety of characteristics, including dynamicity, perspec-
tives, and the constraints present within a given context  

(Jonassen & Hung, 2008). Although definitions vary, IBL 
often prescribes that learners resolve these complex prob-
lems with their peers. While teachers take a more facilita-
tive role, learners are self-directed during instruction as they 
seek out information to understand the problem (problem 
representation) and resolve the issue (solution generation) 
(Ge et al., 2016). Because there is no  single pre-set solution, 
learners generate questions and engage in argumentation for 
the viability of the solution as they negotiate their collective 
decision-making (J. Baker et al., 2019; Belland et al., 2020). 
Studies also show affective components of learning in terms 
of motivation, self-efficacy, and empowerment (Voet & De 
Wever, 2017) as learners engage in IBL activities. Therefore, 
advocates  argue that rich settings of IBL cases better prepare 
learners when compared with more didactic and decontextu-
alized forms of instruction.

One way to understand the benefits of IBL is through 
the theoretical perspective of CBR. The theory argues that 
individuals process experiences in four distinct stages — 
retrieval, reuse, revise, and retain (Schank, 1999; Tawfik & 
Kolodner, 2016). In the first stage, retrieval is often dictated 
based on how individuals see  similar prior cases in memory 
(case library) as  aligning with the extant problem. If one 
indexes and labels the case well, they are able to efficiently 
retrieve the case and understand how it can be used towards 
the new problem.  As learners are able to engage in simi-
larity assessment based on the indices, they will reuse the 
case to frame the problem and generate potential solutions. 
If no relevant case is presented based on the indices, they 
will index the new case and retain it for future use. From 
a learning perspective, CBR theorists argue that the cases 
posed in IBL generate rich experiences  from which learn-
ers can retrieve and reuse, which better prepares them for 
future use when learners are initiated into practice (Tawfik 
& Kolodner, 2016).

Structure‑Behavior‑Framework

An important aspect of case-based reasoning is how learn-
ers process and understand the characteristics of an experi-
ence and retain it within their case library. Although vari-
ous theories exist about how individuals assign meaning to 
an experience, the structure-behavior-function framework 
(SBF) (Hmelo-Silver & Pfeffer, 2004) serves as a descrip-
tive lens to understand the problem from a holistic and sys-
tems level, which is especially important for the dynamic 
and complex nature of ill-structured problems. Whereas the 
first level (structure) describes the elements that are inher-
ent within a system, the behavior construct details how said 
structures work together to achieve a purpose and result in 
some product. As individuals gain additional understanding, 
function-level understanding is used when they are able to 

98 Journal of Formative Design in Learning (2021) 5:97–105



1 3

describe the overall goal for why a concept exists within the 
broader system. As it relates to understanding expert-novice  
differences, Hmelo-Silver and Pfeffer (2004) assert that 
“Structure–Behavior–Function theory may provide a deep 
principle that is useful for thinking about complex systems. 
SBF theory accounts for a complex system’s multiple inter-
related levels, and its dynamic nature.” (p. 129–130).

From an SBF perspective, the experience of practitioners 
engenders  knowledge and competencies that distinguish the 
problem-solving skills between experts and novices (Dwyer 
et al., 2015; Kim & Klassen, 2018; Pinkus et al., 2015). One 
way in which novices and experts differ is in terms of prob-
lem representation. Novices tend to focus on a limited set of 
concepts (e.g., structure) (Auerbach et al., 2018; Huang & 
Li, 2012; Wolff et al., 2016) and exhibit minimal inference 
(Garfield et al., 2015), whereas experts are able to understand 
deep structures of a problem based on multiple informa-
tion sources (Bruggeman et al., 2021). In the initial stages, 
novices especially struggle to notice key elements within a 
case or otherwise focus on irrelevant details (Jarodzka et al., 
2012; Prytz et al., 2018). In contrast, experts are able to iden-
tify both salient and latent concepts within the ill-structured 
case (Randles & Overton, 2015). As individuals move towards 
solution generation, research finds that novices exhibit more 
linear paths of thinking (Schubert et al., 2013) and struggle 
to formulate their mental models (Fritscher & Pigneur, 2016). 
Alternatively, experts’ mental models are interconnected 
(Björklund, 2013; Bruggeman et al., 2021) and represent a 
systems-level understanding of the problem (Jee et al., 2015), 
which allows them to engage in more pattern recognition 
(Koszalka & Epling, 2010; Schubert et al., 2013), causal rea-
soning (Korovin et al., 2020), and evidence-based decision-
making (K. M. Baker et al., 2016).

Research Questions

There is considerable research interest about how learners 
engage in ill-structured problem-solving during inquiry-based 
learning (Jamshidi et al., 2021; Koehler et al., 2019). In line 
with case-based reasoning (CBR) theory, advocates of inquiry-
based learning argue this instructional strategy affords   deep 
processing of the case, which leads to better cognitive and 
affective learning outcomes. However, practitioner studies 
and CBR theory argue that experts and novices process cases 
in markedly different ways (Bruggeman et al., 2021; Schu-
bert et al., 2013; Wolff et al., 2016). However, the emperical 
literature is   often done from a qualitative perspective and 
very few studies have attempted to quantify the difference 
between experts and novices when processing domain-specific 
cases in classroom contexts. This research gap is important  
because if novices  are not able to identify the relevant concepts  

or only do so at a surface level, it is therefore questionable 
the degree to which learners will be able to retrieve and reuse 
IBL cases over time. If learners struggle to identify the con-
cepts in the case, this is also problematic for those that argue 
that learners generate a rich set of cases from which they can 
reference from IBL (Belland et al., 2017; Tawfik & Kolodner, 
2016). Based on this gap, we proffer the following research 
questions.

1.	 To what degree do experts and novices differ in how they 
weigh case indices (labels, concepts) as they process an 
inquiry-based learning case?

a.	 To what degree do experts and novices differ in 
how they weigh case indices (labels, concepts) in 
terms of structural characteristics as they process 
an inquiry-based learning case?

b.	 To what degree do experts and novices differ in 
how they weigh case indices (labels, concepts) in 
terms of behavioral characteristics as they process 
an inquiry-based learning case?

c.	 To what degree do experts and novices differ in 
how they weigh case indices (labels, concepts) in 
terms of functional characteristics as they process 
an inquiry-based learning case?

2.	 What questions do learners generate as they identify 
gaps in knowledge and iterate their problem-solving dur-
ing an inquiry-based learning case?

Methodology

Participants

Participants in the study consisted of both experts and novices. 
In terms of the former, experts were  five participants with over 
20 years of practitioner experience in the business domain. 
Novices were undergraduate business students (N = 87) who 
were in the junior and senior year of their sales management 
studies at a large university, which islocated in the Midwest-
ern region of the USA. All participants completed the consent 
form approved by the Institutional Review Board (IRB).

Materials

Participants in the study primarily interacted with a learn-
ing environment entitled “Nick’s Dilemma.” The learn-
ing environment is an inquiry-based learning activity that 
poses  an ill-structured problem to solve. Nick and his 
boss, Sheila, are tasked with addressing recurring turnover 
problems in their medical device sales team. The project 
is part of a larger DBR initiative, which has explored how 
learners use prior cases to solve new problems. Some of  
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the issues include how to best scaffold the individual nar-
ratives within a case library (Tawfik et al., 2020b) and 
interaction patterns (Schmidt & Tawfik, 2018) (see Fig. 1). 
Although prior studies explored   how learners employ the 
case to support their problem-solving, the formative project 
aimed to understand how learners understand the nuances 
of the case, which is important for the CBR constructs of 
retain, retrieval, and reuse.

The main problem to solve (Nick’s Dilemma) describes three 
potential options for the learner — internal hire, external hire, 
or restart the search. The internal option is an employee who 
has been loyal to the company in a help desk role, but only has 
limited experience around extended customer relations that is 
needed for the open position. Alternatively, the external option 
has direct experience, but failed to disclose a driving under the 
influence arrest in college that happened years ago. Finally, the 
case description also details how a recent company has had to 
lay off other sales personnel, so learners must consider the pros-
pects of delaying and restarting the search in light of the recent 
loss of market share. As learners read the case, they are also 
linked to other narratives in the form of a case library. The cases 
are connected via a shared index (e.g - employee morale) and 
learners can read about how an expert encountered a similar 
problem. In doing so, learners apply the lessons learned from 
the related case towards the main problem to solve. 

Procedure

Experts (N=5) and novices (N=87) were both sent the main prob-
lem to solve, Nick’s Dilemma. Participants were also given a list 
of indices derived from the course instructor who helped develop 
the Nick’s Dilemma case. That is, the terms and labels that could 
be used to interpret the main problem to solve and related cases. 
In this example, relevant indices included  “employee morale,” 
“market share,”  “mentorship models”, and others. The indices 

were developed  by reading the cases and cross-checking the 
objectives associated with the main problem to solve . In addi-
tion, the indices were member-checked by another subject matter 
expert with experience in the business domain.

In terms of data collection, participants were each sent 
a link to the learning environment and asked to read the 
inquiry-based cases. For the novices, learners were informed 
that this would serve as an existing assignment of the course. 
At the bottom of the learning environment, the case con-
cluded by asking the participants to click on the data collec-
tion form. Participants were given 25 different indices (e.g., 
employee morale) derived by the subject matter experts and 
asked to rate each in terms of relevancy towards solving the 
case on a scale of 1–10. Because an important element of 
problem-solving is the ability to identify knowledge gaps 
and iterate, novices were further asked to write down addi-
tional questions they deemed pertinent towards solving the 
problem (Research Question 2).

Data Analysis

To answer Research Question 1, the data was imported into 
SPSS and analyzed using a linear regression model. As 
noted in the prior section, participants were given 25 indices 
that were generated by the instructor of record and who had 
taught this module multiple times. Prior to analysis, the same 
instructor mapped each index to the SBF framework. For 
example, a basic index of “recruitment” was rated as “Struc-
ture,” while more systems level indices (e.g., “comprehensive 
job analysis”) were rated as “Function.” Upon completion, 
another subject matter expert with experience in business 
also reviewed the initial SBF categorization. Finally, the two 
individuals met to ensure consistent interpretation for each 
index that was assigned using the SBF framework.

Fig. 1   Recommendation system search and retrieval feature
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For Research Question 2, participants submitted questions 
at the end of the study  and researchers later imported the 
data  into a spreadsheet. After transcription, two research 
assistants independently coded the line items according to 
the question taxonomy criteria developed in Tawfik et al. 
(2020a). The codes were further divided into shallow ques-
tions, testing questions, or deep/complex questions (Tawfik 
et al., 2020a). Research assistants completed a preliminary 
round of coding to better familiarize themselves with the 
question taxonomy codes. Specifically, the line items were 
analyzed from the first five  participants. After completion 
of this initial round, the research assistants met with the first 
author to discuss their differences and to better operational-
ize each code. Following this meeting, the research assistants 
independently coded all the line items (N = 441). The inter-
rater reliability upon completion of the first round was 67%. 
The two research assistants met to discuss remaining dif-
ferences in the coding. After this discussion, the research 
assistants produced a final inter-rater reliability of 98%.

Results

Research Question 1

A logistic regression was conducted to understand differ-
ences between experts and novices rating of IBL indices 
(Research Question 1) and found statistically significant dif-
ferences (SS = 187.3; df = 5; F = 9.14; p < 0.01). It is espe-
cially noteworthy that, on average, the experts rated indices 
as lower (5.13) when compared with the novices (6.33; see 
Fig. 2).

To further understand the deep processing of the 
case between experts and novices, the study  analyzed  

differences in terms of structure (RQ 1.A), behavior (RQ 
1.B), and function (RQ 1.C). Statistically significant dif-
ferences were found between experts and novices on struc-
tural (p < 0.01) and functional (p = 0.015) indices; that is, 
the foundational concepts and systems-level understanding. 
However, no statistically significant differences were found 
for the behavioral function (p = 0.75).

Research Question 2

The second research question focused on the knowledge gaps 
learners identify as part of their problem-solving. According 
to the literature, one way to understand learners’ knowledge 
gaps relates to the depth of questions they generate during 
learning (D’Mello et al., 2014; Graesser & Olde, 2003).  
Tawfik et al. (2020a) further argue that quality of inquiry can 
be understood by how learners identify and connect concepts 
within a question. To understand the depth of their question 
generation, two raters coded a total of 441 questions gener-
ated by novices. The breakdown using Tawfik’s et al. (2020a) 
taxonomy was as follows: simple/shallow (18.37%); testing 
(28.80%); deep/complex (52.60%) (see Tables 1, 2, and 3).

Discussion

Theorists assert that IBL is an effective instructional 
strategy because it provides learners with rich experi-
ences that developproblem-solving skills, such as informa-
tion seeking, question generation, decision-making, and 
justification of solutions. According to CBR theory, learn-
ers are able to retain and reuse the experiences ,  which 
allows them to generate a robust case library from which  

Fig. 2   Expert-novice differ-
ences using structure-behavior-
function (SBF) framework
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they can draw upon over time (Schank, 1999). The theory 
further argues that this case library from which individuals 
draw upon better prepares learners for domain practice (Val-
entine & Kopcha, 2016). That said, a challenge is how novices 
with limited experience navigate the rich contexts presented 
in IBL cases (Reilly et al., 2019). Some further argue the ill-
structured nature obscures concepts and challenges learners 
beyond cognitive load limitations (Elkind, 2004). If learners 
focus on errant concepts or fail to address salient variables, it 
is unlikely learners will engage in meaningful learning using 
this instructional strategy. To date, many IBL studies cite 
expert-novice studies to understand the learning continuum 
as students  engage in contextualized learning. However, few 
studies directly compare how  experts and novices weigh vari-
ous indices and its impact on problem-solving in IBL cases.

This formative evaluation builds on a larger design-based 
research project. In the prior assessments, the research group 
explored learners’ interaction patterns across cases (Schmidt 
& Tawfik, 2018) and developed recommendation systems 
to identify the optimal case (Tawfik et al., 2020b). While 
those initial studies shed light on the problem-solving abil-
ity of learners, additional insight was needed to explicate  
how individuals with varying levels of experience assessed 
indices with a case (RQ1) and how novices generated ques-
tions as part of their problem-solving (RQ2). In doing so, the 
formative evaluation identified important knowledge gaps 
and learners’ ability to retain an experience, which would 
allow us to design more comprehensive case library systems 
that support IBL. Through the frameworks of CBR and SBF, 
the study addressed this gap by comparing how experts and 
novices weighed various indices and the questions learn-
ers generated during problem-solving. CBR highlights how 
learners perceive  and retain cases, while SBF is a “promis-
ing mode of analysis for this domain because it focuses on 

causal understandings of the relationships among different 
aspects of the system” (Hmelo-Silver & Pfeffer, 2004). The 
study found statistically significant differences on measures 
of structure and function. As noted earlier, structure is used 
to highlight the primary problem-space and conceptual char-
acteristics of a case, whereas function denotes the systems-
level understanding of a case. These results are interesting 
in light of the lack of differences in behavior; that is, how 
learners determine  the ways in which structures achieve 
their purpose (Hmelo-Silver & Pfeffer, 2004).

There are multiple potential interpretations for this 
formative evaluation and future iterations of the DBR 
project. In terms of difference in the  structure con-
struct,  the results found that experts weighed the indi-
ces as lower,  while novices rated them as higher. This 
coincides with prior research that suggests that learn-
ers not only struggle with misconceptions during IBL, 
but also find it challenging  to parse the problem-space 
(Hmelo-Silver, 2013). This is a noteworthy finding in 
multiple respects. In IBL, an important issue relates to 
how learners engage in information seeking to ensure 
they comprehensively survey the problem-space dur-
ing their self-directed learning (Belland et  al., 2020; 
Buchanan et al., 2016). In this study, we found novices 
identified  a larger set of concepts as relevant to their 
problem-solving when compared with experts. Although 
one might posit that novices have a limited view of ill-
structured problem-solving, it could instead be that they 
assume a large number of concepts are relevant and fail 
to delineate when something is irrelevant. One potential 
implication of this formative evaluation thus relates to 
importance of regular reflection. Tawfik and Kolodner 
(2016) described how an  overlooked activity in IBL is 
refining indices through reflection. In their discussion, 
they focused on making the indices more prominent 
and well-defined. . Rather than focus reflection solely 
on fortifying topics that students learned during IBL, it 
may be equally important to also spend time on identify-
ing extraneous ideas and reflecting  on the reasons for 
why learners thought these ideas were relevant during 
problem-solving. As learners able to remove erroneous 
concepts, this may support the development of a more 
refined schema over time.  

Table.1   Tawfik et al. (2020a) question taxonomy novice questions

1. Verification Is X true or false? Did an 
event occur? Does a state 
exist?

2. Disjunctive Is X, Y, or Z the case?
3. Concept completion Who? What? When? Where?

Table.2   Tawfik et al. (2020a) 
question taxonomy emerging 
questions

4. Example What qualitative properties does entity X have?

5. Feature specification What are the properties of X?
6. Quantification What is the value of a quantitative variable?

How much? How many?
7. Definition What does X mean?
8. Comparison How is X similar to Y? How is X different from Y?
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The researchers found statistically significant results on 
the function construct, which is the highest level of the SBF 
framework describing systems-level thinking. This is espe-
cially noteworthy in light of no statistical difference in the 
behavior construct  that details how concepts operate within 
a system. Once individuals  do have a core set of concepts 
identified (structure level), it seems the natural inclination 
of experts and novices is to reason how these ideas connect 
to other concepts, which would explain the lack of statistical 
significance on the behavior construct. That is, once ideas 
are identified, individuals will seek to connect the indices 
they deem relevant. Differences later emerge because experts 
are then able to parlay this understanding and advance to 
holistic and systems-level thinking, as highlighted by the 
difference in the function constructs. In many ways, this 
underscores existing research about how experts are more 
likely to think using  a systems-level approach (Björklund, 
2013; Bruggeman et al., 2021); however, the results from the 
structure variable show that it is a more refined and nuanced 
form of systems-level thinking as opposed to a far-ranging 
perspective when compared with novices.

The finding of the function construct has important impli-
cations for problem-solving instructional strategies, such as 
IBL. As noted above, a frequent discussion is how facilita-
tors balance the ill-structured nature of IBL as learners focus 
on a core set of  concepts within the problem-space. In some 
ways, the open-ended nature of inquiry and directed nature 
of problem-solving in IBL seem antithetical and thus pose 
a challenge to educators. This may also explain why many 
of the questions were coded as advanced level (RQ2). As 
educators seek to scaffold learners, the results of the study 
highlight how learners may focus on the key ideas (structure) 
and not naturally connect ideas. Instead, it is important to 
reflect and encourage learners to generate a more networked  
mental model. By seeing ideas as more closely connected, 
this may improve retrieval and reuse as learners engage in 
future problem solving.

Limitations and Future Studies

While this research builds on prior studies that have explored 
expert-novice differences, other studies could build on these 
findings. One notable way to iterate  on this study is to ask 
learners to generate their own indices. In the context of this 
study, individuals were asked to weigh indices that had been 
previously generated by two subject matter experts. Although 
this may have helped reduce some of the variability and open-
ended nature of the terms, one might conclude that this was 
an artificially constrained set of indices and thus impacted the 
results. By asking learners to share their own indices as opposed 
to a predefined set, it may have provided further insight into the 
process of index generation between experts and novices.

Another study could focus on the different measures to 
assess differences in problem-solving. Although indices were 
the primary point of comparison, a study could also explore 
differences in questions between experts and novices. While 
studies have explored the types of concepts and questions 
that individuals employ as they engage in problem -solving 
(Olney et al., 2012), other artifacts could explicate differences 
in various ways. For example, studies often employ concept 
maps or causal-reasoning maps as a measure of the learner’s 
mental model or internal schema. The scope of the current 
research was to focus on how learners individually assessed 
the relevancy of a concept as a foray into retrieval and reuse, 
but alternative measures could serve as a way to understand 
more comprehensive and connected levels of understanding. 
In that sense, an additional study could explore the degree 
to which index assignment changes when learners engage in 
collaborative problem-solving. Although retrieval and reuse 
are key elements of problem solving, additional follow-up 
studies could add to the field's understanding of learning the-
ories and instructional strategies.

An additional study could explore other conceptualiza-
tions of novice-level problem-solving. Many expert-novice 
studies typically compare some early-stage career individual 

Table 3   Tawfik et al. (2020a) question taxonomy expert questions

9. Interpretation What concept or claim can be inferred from a static or active pattern of data?

10. Causal antecedent What state or event causally led to an event or state? Why did an event occur? Why does a 
state exist? How did an event occur? How did a state come to exist?

11. Causal consequence What are the consequences of an event or state?
What if X occurred? What if X did not occur?

12. Goal orientation What are the motives or goals behind an agent’s action? Why did an agent do some action?
13. Instrumental/procedural What plan or instrument allows an agent to accomplish a goal?How did an agent do some 

action?
14. Enablement What object or resource allows an agent to accomplish a goal?
15. Expectation Why did some expected event not occur?
16. Judgmental What value does the answerer place on an idea?
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with an advanced-level individual,  as defined by the num-
ber of years or position title. The current study focused on 
learners in a higher-education setting, which one might 
argue includes some level of domain knowledge and limited 
experience; however, it is possible that novice levels may be 
different upon entry into the workforce. As the field explores 
other measures of  the expert-novice dynamic, it could be 
important to understand how expertise grows across the 
experience continuum. 
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