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Abstract: This study examines the cognitive strategies students employ when
constructing causal maps and investigates whether specific processing methods

— backward versus forward and breadth-first versus depth-first — affect map
quality. Building on prior research that linked backward and depth-first
processing to stronger argument maps, the study applied similar analytical tools
to causal mapping, a task with distinct cognitive demands. Using jMAP
software, 37 causal maps were created by students at a Southeastern university
in the United States. Within the first five nodes placed, students used backward,
forward, breadth-first, and depth-first processing an average of 0.81, 1.84, 1.73,
and 1.95 times, respectively, producing maps with a mean score of 125.82 (SD
= 55.13) out of a possible 340. Regression analysis revealed that neither
backward nor breadth-first processing significantly predicted map scores,
though a non-significant trend suggested that more frequent backward
processing may support higher-quality maps, consistent with prior findings on
argument mapping. While not definitive, these results carry instructional
implications: encouraging backward processing and designing diagramming
tools that facilitate this strategy without inadvertently biasing students toward
less effective approaches. Ultimately, the study highlights that predominant
reliance on forward, backward, or breadth-first processing does not necessarily
yield higher-quality causal maps as it does in argument mapping, underscoring
the importance of understanding task-specific demands to inform instructional
design and the development of tools that better support student reasoning and
problem-solving.
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and reasoning processes.

1. Introduction

A variety of computer-aided diagramming tools are used by students to create causal
maps, which enable them to visualize relationships and evaluate complex ideas (Davies et
al., 2021; Giabbanelli et al., 2023). Students can create causal maps to examine
relationships between networks of variables and events and reveal causal explanations
(Desthieux et al., 2010; McCrudden et al., 2009). These tools help to reduce cognitive
load by making possible relationships more concrete and easier to explore (Novak &
Cafias, 2007), thus leading to improvements in learning (Cafias et al., 2023) with
moderate to large effect sizes (Schroeder et al., 2018; Eftekhari et al., 2016; Harrell, 2011,
van Gelder, 2015; Yue et al, 2017), and possible improvements in students’ critical
thinking skills (Barta et al., 2022; Fonseca et al, 2024). However, even when
interventions are used to achieve significant gains in map quality, a high degree of
variance in map quality can still be observed (Ruiz-Primo & Shavelson, 1996). Prior
research on the effects of mapping on the development of students’ critical thinking skills
has also yielded highly mixed results, as diagramming tools lack the means to identify,
measure, and verify the processes students use while constructing their maps (Jeong et al.,
2025).

Constructing maps can be a complex and challenging process even with the help
of computer-aided diagramming tools (Beitz, 1998; Caifias et al., 2003; Kinchin, 2001).
As a result, specific mapping strategies examined and prescribed in the research literature
include directing students to place the goal at the top (Eppler, 2006), sorting before
linking nodes (Aguiar & Correia, 2017), sorting nodes by level of generality (Cafias et al.,
2017), positioning nodes with reading flow or temporal flow (Aguiar & Correia, 2017;
Jeong & Lee, 2012), using five whys with backward chaining, goal-oriented, and depth-
first process (Al-Ajlan, 2015; Chen et al.,, 2010; Sharma et al., 2012), and using a
breadth-first process to review maps (Biswas et al., 2016). Maps can be classified by
structure, and different learning approaches and outcomes are associated with them (He
et al., 2023; Kinchin, 2011). For example, constructing maps with temporal flow
(organized sequentially from left to right, from top to bottom, or vice versa) tends to
result in higher quality maps (Jeong & Lee, 2012). In contrast, spokes-like maps lack
temporal flow and are of lower quality.

Currently, few studies explore, validate, or model the cognitive strategies students
use to create maps. For example, Jeong et al.’s (2025) review of 17 studies that examined
how concept mapping affects students’ critical thinking skills (e.g., deduction, induction,
inferencing, evaluation) found that the results were highly mixed and inconsistent, with
less than half of the studies reporting positive and significant gains in students’ critical
thinking skills. Concept maps are graphical tools that represent knowledge structures by
linking concepts with labelled connections; these links specify semantic or causal
relationships, making abstract ideas more explicit and easier to analyse. None of the
studies measured the specific critical thinking skills students used while constructing
concept maps or how those processes affected map quality. A more comprehensive and
precise examination of the specific techniques employed by students can help assess the
extent to which these strategies are utilized. This analysis can also shed light on whether
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the application of these strategies leads to the creation of higher-quality maps (Schroeder
et al., 2018; Wang, 2019). Moreover, this research can provide insights into how specific
features of mapping tools and individual student attributes influence the choice of
strategies, as well as how mapping tools can be designed to effectively monitor and offer
real-time guidance on strategy selection.

Two case studies examined the cognitive strategies students used when
constructing argument maps (Jeong & Kim, 2022) and causal maps (Lee, 2012).
Argument maps represent logical relationships among claims and evidence, while causal
maps emphasize cause-and-effect pathways. Using verbal protocol analysis, Jeong &
Kim (2022) found that both experts and novices favoured breadth-first (BR) over
depth-first (D) processing when building argument maps with the conclusion at the top.
Breadth-first processing (placing nodes above or below one another), as illustrated in the
right causal map in Fig. 1, was also linked to higher-quality causal maps (Shin & Jeong,
2021), whereas depth-first involves elaborating horizontally along a single branch (e.g.,
the left causal map in Fig. 1). They also reported that four of five experts used more
backward (B) than forward (F) processing, while novices showed mixed patterns.
Backward processing (placing nodes to the left of prior ones) reflects deductive reasoning,
whereas forward processing (placing nodes to the right) reflects inductive reasoning.
Prior studies have likewise associated backward processing with stronger causal maps
(Lee, 2012; Shin & Jeong, 2021).

Depth-First Processing Breadth-First Processing

OUTCOME

Construct the top sub-tree first, then Construct one level of the child node
construct the bottom sub-tree first, then construct the next level of
child nodes, and so on

Fig. 1. Illustration of the depth-first and breadth-first processes (note: the numbers
indicate the order in which nodes are placed on the map)

The findings in the two prior case studies were derived from qualitative
examination of a limited number of student-generated maps. To analyse larger sets of
maps and gain deeper insights into the processes involved in their creation, automated
analysis methods can be employed. One such method is to examine the placement of
nodes in relation to previously placed nodes to determine the strategies students use to
construct their maps (Taricani & Clariana, 2006). Importantly, analysing the positioning
of only the first five nodes placed on the screen before students move or re-position
nodes provides a clearer window into their spontaneous cognitive strategies. These initial
placements capture raw decision-making rather than later adjustments. They reduce the
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noise introduced by trial-and-error corrections or surface-level refinements (e.g., spacing
between nodes). They also ensure comparability across maps of different sizes. Finally,
they highlight the critical stage of map construction when organizational patterns like
temporal flow (Jeong & Kuba, 2023) are first established. Building on this approach,
Jeong (2020) developed and used the jMAP tool to record students’ actions while
constructing maps and applied an algorithm to count the number of times students used
backward, forward, breadth-first, and depth-first processing based on the placement of
each node relative to the previously moved node. Notably, regression analysis tests
conducted in the study showed that analysing the first 10, 15, and all placed nodes did not
significantly predict map scores, reinforcing the importance of focusing on the first five
node placements as the most reliable indicator of students’ mapping strategies.

The Jeong (2020) study revealed several important findings. Ratio scores
(reflecting the balance between backward/forward and breadth/depth-first processes)
derived from the first five node placements significantly predicted the quality of students’
argument maps. This means that the way students initially approached the task, whether
they tended to look backward to connect new ideas to earlier ones, or forward to extend
their maps into new territory, had measurable consequences for the overall strength of
their arguments. Similarly, the preference for depth-first processing, in which students
elaborated on a single branch of reasoning before moving on, was linked to more
coherent and well-developed maps compared to breadth-first processing, which spreads
attention across multiple branches without fully developing any one of them. These
findings suggest that early cognitive strategies are not just momentary choices but set the
foundation for the logical structure and persuasiveness of the entire map. In contrast,
simple frequency counts of backward and depth-first processing, rather than ratio scores,
were not significant predictors of argument map scores. This distinction highlights that
the relative balance of strategies is more meaningful than raw totals, since it reflects how
students coordinate different approaches rather than how often they use them in isolation.
Taken together, the results underscore the importance of examining the nuanced interplay
of mapping strategies in the earliest stages of construction, as these initial decisions
appear to shape the quality of the final product.

However, this particular study (Jeong, 2020) explored the strategies students used
when constructing argument maps rather than causal maps. Students were given in
advance a specific claim or conclusion along with a list of major and minor premises to
analyse and organize into an argument map. The students were instructed to visually link
the given claims, evidence, and counterarguments into a structured format to clarify their
logical relationships. In contrast, causal maps depict cause-and-effect relationships
between events or variables, showing how one element influences another, often with
feedback loops and dynamic interactions. While both tools use nodes and connections to
represent relationships, argument maps focus on logical reasoning and debate, whereas
causal maps emphasize system behaviour and interdependencies. Additionally, the study
noted that placing a node below or above a previously moved node reflected backward or
forward processing, respectively, because the main claim in students’ argument maps was
placed at the top of the map. Understanding these mapping techniques is essential, as they
highlight distinct cognitive strategies students use to analyse information either through
logical argumentation or causal reasoning.

This study aimed to explore whether higher ratios of backward processing over
forward processing, and depth-first over breadth-first processing, can also enhance
students’ ability to construct better causal maps, not just argument maps. On one hand,
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argument maps are crafted by students as they identify the premises put forth to support
the argument, which is inherently a process of working backwards from the argument. In
contrast, causal maps come into being as students identify the pivotal variables and
events and the causal pathways that contribute to a given outcome. Identifying causal
pathways can involve the use of a backward process to identify the causal pathways — a
process that is most efficient for diagnosing complex problems (Al-Ajlan, 2015). At the
same time, identifying causal pathways can also involve using a chronological moving-
forward-in-time process — a process that is more innate in human nature (Sweller et al.,
2011; Tversky & Kahneman, 1977), as it mirrors how humans naturally learn from and
make predictions within their environment as a survival mechanism. Consequently, using
forward processing precludes the use of breadth-first processing as defined in the Jeong
(2020) study because the exploration of the possible outcomes following and branching
from each specific event (building tree structures) is not relevant to the task of identifying
the chain of events that lead to an already-specified target outcome (building inverted tree
structures).

These noted disparities in the task demands imply that the processes conducive to
constructing superior argument maps may not necessarily yield improved causal maps.
As a result, this study aimed to address the following research questions.

RQ1I1: Does more frequent use of backward over forward processing produce better
causal maps?

RQ2: Does more frequent use of breadth-first over depth-first processing produce
better causal maps?

RQ3: Which process (backward versus breadth-first) has a greater impact on scores?

2. Method

2.1. Participants

The participants were 42 students (20 females, 22 males) at a large southeastern
university in the United States who were enrolled in a research subject pool and/or
recruited via leaflets and received $15 gift certificates for participating. The students
were informed that the student who created the highest-scoring causal map receives an
additional $10 gift certificate. After reviewing and signing an IRB-approved consent
form to participate in this study, the students’ demographic information was collected
using a brief survey. The survey was used to identify if any participants had prior
knowledge of causal maps, how to construct them, or any prior experience using causal
mapping tools. No participants had prior knowledge and experience with using causal
maps.

2.2. Procedure

Students viewed a video introduction to the JMAP software (Jeong, 2025), demonstrating
how to move nodes, insert causal links (A—B), and change link colours to indicate
positive or inverse relationships. Each student opened a jJMAP file on a laboratory
computer containing blank nodes for practice in moving and linking. Next, students
received a handout initially placed face down with definitions of the outcome and each
variable presented in the map nodes. The students were then instructed to start working
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on the causal map by clicking on a button to turn on a screen recorder, flipping over the
handout to view the instructions and node definitions, and opening the jJMAP file to view
the initial screen (Fig. 2) containing the outcome variable positioned to the far right and
all variables positioned randomly on the left. Students clicked the Record button so that
each action during map construction was logged into an Excel spreadsheet. The students
were given a maximum of 15 minutes to complete their map. The average completion
time was 9.79 minutes.

(1] No (6] Trtanic's

binoculars for excessive
fookouts speed
[2)Shotageof | | [T Tranics |
ideboats |  sinking |
= The loss of ives
inthe sinking of
(8] Rescue 1’un-c"g
[3] No moon ships 100 far
away
(4] Low visibuity (9] Cold water
[10] Late
(5] Colision with sighting o

iceberg

Fig. 2. Example screen with events/conditions positioned and linked to produce the
criterion causal map

While students constructed their causal maps, each time a node was placed into
their causal map on the JMAP screen, JMAP assigned the action with a code (see Table 1)
to record the specific action, and identified where the node was placed in relation to the
most recently and previously moved node (e.g., MDn = moved different node north of
previously moved node). For instance, in a causal map where the final outcome is placed
at the far right edge of the map, placing a node to the immediate right of the previous and
most recently placed node (within a —45° to +45° angle) indicated the use of forward
processing, while placing the node to the immediate left indicated the use of backward
processing. Placing the node immediately above or below the previously placed node
(also within —45° and +45°) suggested the use of breadth-first processing. Jeong (2020)
further refined the accuracy of this coding process by testing and varying the minimum
required distance (from 2 to 11 node lengths) between the positioned node and the
previously positioned node, ultimately setting the minimum required distance at 1.5 times
the width of the nodes.

2.3. Data analysis

Of the 42 causal maps collected in this study, a total of 37 maps were scored and
analysed. One causal map was not completed or recorded due to student error. Five maps
were created using a spoke-like structure (where the final outcome is placed in the centre
of the map) and were excluded from the analysis because the software code at its current
state could not clearly and reliably determine when a placed node was an indication of
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backward or forward processing. The remaining 37 maps were imported into jJMAP
where each student’s map was compared to the criterion map (see Fig. 3) to automate the
scoring of each student’s map across five criteria: a) percentage of links within the
student’s map that match those in the criterion map; b) number of nodes correctly
identified as a root premise; ¢) number of Ist order premises correctly linked from each
correctly identified root premise; d) number of 2nd order premises correctly linked from
each 1st order premise; and e) number of 3rd order premises correctly linked from each
2nd order premise. No points were awarded for 2nd and 3rd order links if downstream
link(s) are missing. The first two criteria were used to measure causal understanding, and
the last three criteria were used to measure depth of understanding. The total points
received across all six criteria were added up and then multiplied by 10 to compute each
student’s map score with the maximum possible score of 340.

Table 1
Codes logged following each node placement in JMAP during map construction

Code Definition

MS Moved a node (which was the same node as the last moved node)
MDn Moved node to the North of the previously moved node
MDs Moved node to the South of the previously moved node
MDe Moved node to the East of the previously moved node
MDw Moved node to the West of the previously moved node
MDne Moved node to the NE of the previously moved node

MDn Moved node to the NW of the previously moved node
MDse Moved node to the SE of the previously moved node

MDs Moved node to the SW of the previously moved node

To measure how often each student used the backward, forward, and breadth-first
processes, the software code developed in Microsoft Excel VBA by Jeong (2020) was
used to compute backward/forward and breadth/depth ratio scores from each student’s
JMAP log. Each log was analysed using the software code to determine the frequencies
with which each process (forward, backward, breadth-first) was used while constructing
each map based only on the first five nodes placed on screen. As explained previously,
the software code analysed the node coordinates recorded in the log to determine the
position of each placed node relative to the previously moved node, thereby identifying
backward, forward, and breadth-first processing. For example, placing B to the left of
outcome node C, followed by placing A to the left of B (moving from right to left), was
coded as backward processing. Conversely, placing event A to the left of C and placing B
between A and C was coded as forward processing. Forward and backward processing
are two forms of depth-first processing (in which nodes are placed sequentially, moving
towards or away from the outcome). The placement of B immediately above or below A
(with both A and B at approximately equal distance from the outcome) indicated the use
of breadth-first processing.

The observed frequencies for B, F, BR, and D were used to compute two ratio
scores: BF = B / (B + F) and BRD = BR / (BR + D). Both measure the extent to which
students use backward over forward processing and breadth-first over depth-first
processing. The association between ratio scores and map scores was then tested using
the regression model Map Score = BO + B1 x BF + B2 x BRD using a one-tailed p-value
of .10 to conduct this exploratory study. These results were then compared with the
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model and findings from Jeong’s (2020) study that identified the processes used to create
higher-quality argument maps. The map scores, BF ratio scores, and BRD ratio scores
showed no skewness at .00, a weak positive skewness at .37, and a weak positive
skewness of .35, respectively. As a result, the BF and BRD ratio scores were transformed
by taking the square root of the scores prior to running the regression analysis. No
multicollinearity was found as all VIF values were less than 2.5.

6) Some
ﬂo(od)wal\s not (8) Significant
high enough overtopping of
levees and
(12) Margin of (9) Multiple
safety in design breaches of
too low walls

(3) Pump's
design capacity —# (:n[]e)ﬁzgmzs

too low

(11) Hurricane
Katrina storm
surge and rain

(4) Levee
system

ineffective at

(7) No means
of evacuation

(2) Not enough

time to

evacuate

(5) 80% of New
Orleans flooded

(13) People
drowned,
impact of storm

(1) People not
evacuated

Visual Map Comparison Tools Swap | Pewcenichaed | Resetlist | Help Shared links that match in DIRECTION 4 # of root causes correctly identified (out of 8)
View my matrix otrl-t Shared links that don't match in DIRECTION 0 [#ofroot causes INCORRECTLY identified
View selected matrix (ctrl-Z to view map) ctrl-y ctrl-u ctrl-i Number of links in USER's map 2 # of correct 1st order root links (3 wrong)
Maps to view & compare < 03 04 05 43% % of shared links within User's map (6 of 14) 1 # of correct 2nd order root links (2 wrong)
ctrl-g & ctrl-/ serolls up/down Mapindex ctrl-h ctrl-j ctrl-k 12 Number of links in TARGET map 0 # of correct 3rd order root links (0 wrong)

7

Number of maps listed in Mapindex = 43

50%

% of shared links within TARGET map (6 of 12)

Root cause analysis score

Fig. 3. Visual and quantitative comparison of the criterion to a student’s map in jMAP

(note: black/grey arrows identify links present/missing in student x’s map; nodes with

halos demark correctly identified root causes; bottom left are navigation tools to select
which maps to compare with the criterion map; bottom right displays map scores across
scoring criteria; bottom row displays the buttons students used to add links to their maps)

3. Results

Table 2 shows the mean number of times students used the backward process (M = .81,
STD = .57, min = 0, max = 2), forward process (M = .81, STD = .57, min = 0, max = 2),
breadth-first (M = .81, STD = .57, min = 0, max = 2), and depth-first (M = .81, STD = .57,
min = 0, max = 2) in the first five nodes students placed into their causal maps. As a
result, the minimum and maximum possible number of times students can perform each
process was 0 and 5, respectively. The table also shows students’ map scores (M = 125.82,
STD = 55.13, min = 30.00, max = 250.91), where the overall mean map score of 125.82
was 37% of the total possible map score of 340.

A significant difference was found between the number of times each student
used backward (M = 0.81, SD = 0.57) versus forward processing (M = 1.84, SD = 0.80),
#(36) = —6.36, p < .001, paired sample #36) = 5.72, p <.001, with a large effect size, d =
—0.94. Students used forward processing more often than backward processing when
placing the first five nodes into their causal maps. No significant difference was found
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between the number of times students used breadth-first processing (M = 1.73, SD = 0.87)
versus depth-first processing (M = 1.95, SD = 1.08), #(36) = —0.83, p = .412, with a small
effect size, d = —0.14. As a result, students showed no tendency to use either breadth-first
or depth-first process during the initial process of constructing their causal maps.

Table 2
Statistics on the observed mapping behavior and map quality (N = 37)

Indicator Mean SD Min Max
Backward links 0.81 0.57 0 2
Forward links 1.84 0.8 0 3
Backward-forward ratio 0.31 0.23 0 1
Breadth 1.73 0.87 0 3
Depth 1.95 1.08 0 4
Breadth-depth ratio 0.48 0.26 0 1
Map score 125.82 55.13 30 25091

BF refers to the backward vs. forward ratio, and BRD refers to the breadth vs.
depth-first ratio. This two process scores (BF and BRD ratios) and map scores produced
the best-fit regression model, Map Score = 117.84 + 52.06 x BF — 16.81 x BRD, with
F(1, 35) = 1.40, p = .244. The resulting model indicated that BF (p = .218) and BRD (p
=.649) were not significant predictors of map scores, and the model explained 4% of the
variance in students’ map scores, with R? = .04. Removing the predictor variable with the
highest p-value (BRD ratio) from the analysis produced the model Map Score = 111.50 +
46.55 x BF, where BF was again not found to be a significant predictor of map scores (p
= .244). This result indicates that neither backward vs. forward nor breadth-first vs.
depth-first processing significantly affected causal map quality. Although not significant,
beta weights reveal two trends suggesting that using more backward than forward
processing and more depth-first than breadth-first processing produced higher-quality
causal maps. Assumption checks indicated that residuals were normally distributed
(Shapiro-Wilk p = .959), with no concerns regarding multicollinearity (VIFs < 2.5). The
White test revealed heteroscedasticity (F = 193.04). As a result, the coefficient estimates
may be inefficient and associated with inflated standard errors.

The overall model indicated that neither predictor reached statistical significance,
though the coefficients suggested different directional trends. The BF ratio was positively
associated with map scores (B = 52.06, p = .218), indicating that greater reliance on
backward relative to forward processing tended to predict higher scores, but the effect
was small and not definitive. Its partial #? value (.044) reflected a small effect size,
accounting for about 4% of the variance uniquely explained. In contrast, the BRD ratio
showed a negative, nonsignificant association with map scores (B = —16.81, p = .649),
with a negligible partial #? (.006). Taken together, these findings suggest that while
backward processing may show a weak trend toward improving causal map quality,
neither BF nor BRD ratios contributed meaningfully to explaining differences in
students’ map scores
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4. Discussion

4.1. Processes associated with causal map scores

This study demonstrated that the primary processing strategies students employed,
whether forward, backward, or breadth-first, did not exert a statistically significant
influence on the quality of the causal maps they produced. In practical terms, students
generated causal maps of comparably low quality regardless of the strategy applied. This
finding stands in contrast to Jeong (2020), who reported that higher-quality argument
maps were significantly associated with backward and depth-first processing. A plausible
explanation for this divergence lies in the differing cognitive demands of the two tasks:
constructing argument maps versus constructing causal maps. In causal mapping, forward
processing may be less detrimental than in argument mapping because causal maps often
follow a temporal or chronological sequence, thereby rendering forward processing
relatively more effective. This helps to explain why students in this study used forward
processing significantly more often than backward processing (despite the data trends
that suggest that using backward processing is more effective). By contrast, argument
maps typically involve propositions that are not temporally interrelated, which may
explain why forward processing is less advantageous in that context. The absence of
differences between breadth-first and depth-first approaches may likewise reflect the
structural constraints of the causal mapping task. Because students were asked to connect
events to a predetermined outcome, they had little need to identify multiple causes for a
single event. Instead, the task encouraged an inverted tree structure, making both
breadth-first and depth-first strategies equally viable.

Furthermore, events in causal maps are typically more concrete (and not just
temporally anchored), which makes them easier to comprehend than the abstract,
context-sensitive premises found in argument maps. This concreteness may enable
students to identify distant causal links (e.g., A — C) as readily as more immediate ones
(e.g., A > B and B — C), thereby facilitating the construction of accurate pathways
through either forward or backward processing. In contrast, the logical relationships
among abstract premises in argument maps are often less transparent. For example, the
connection between premise A and premise C may only become evident once the
intermediate link A — B has been established, forming a complete A - B — C
reasoning chain. This added complexity increases cognitive demands and likely prompts
students to adopt more deliberate and structured strategies, such as depth-first and
backward processing, to ensure that their argument maps are coherent and logically
sound.

Although the regression model was not significant, the beta weights in the model
revealed a potential trend: how often students used backward instead of forward
processing appeared to have roughly twice the impact on causal map quality compared to
how often students used breadth-first over depth-first processing. This contrasts with
Jeong (2020), where both types of processing choices had a similar effect on the quality
of argument maps. This potential difference (though not definitive) in findings may stem
once again from differences in the nature of causal mapping tasks. Causal maps involve
concrete events, making distant connections easier to identify when using either forward
or backward processing. For these reasons, students may rely less on using the breadth-
first approach to conduct a preliminary sorting of like-events as described by Caiias et al.
(2017) — a strategy that can be used to manage cognitive load and task complexity (Al-
Ajlan, 2015). However, this noted difference in the relative impact of using depth-first
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versus breadth-first processing could also be the product of structural differences (e.g.,
number of branches relative to the length of the branches) between the target causal maps
examined in this study and the argument maps examined in the Jeong (2020) study where
the criterion argument map had higher numbers of branches than the criterion causal map
used in this study. As a result, future comparisons of breadth/depth-first processing ratios
in causal versus argument mapping will need to be conducted under more controlled
conditions.

Taken together, these findings suggest that the relationship between processing
strategies and map quality may be task-dependent, with argument mapping requiring
more deliberate structuring than causal mapping. Prior studies of argument maps (Jeong,
2020; Taricani & Clariana, 2006) consistently reported that backward and depth-first
processing were linked to stronger map quality, likely because these strategies support
the logical chaining of abstract premises and the careful development of reasoning
pathways. In contrast, the current study found no significant differences in causal map
quality based on processing strategy, indicating that the concreteness and temporal
sequencing of causal tasks may reduce the need for such deliberate structuring. This
divergence highlights an important distinction: while argument maps benefit from
strategies that emphasize coherence and logical depth, causal maps appear to allow
students to achieve similar outcomes through a wider range of approaches.

Finally, the findings reveal a trend where students who rely more on backward
processing than on forward processing produce higher-quality causal maps. Forward
processing often leads to causal chains that resemble temporal or narrative sequences,
such as “Victims fell into the water”, “The water was deep”, and “Victims lost their lives”.
While this sequence follows a chronological storyline, the first two events are
independent, and the causal connections are weak or misleading. In contrast, backward
processing prompts students to interrogate causal relationships more critically by working
backward from the outcome and asking questions like “Did victims die because the water
was deep?” (yes) or “Was the water deep because the victims fell into the water?” (no).
This reflective reasoning enables them to test the plausibility of causal links, uncover
inconsistencies, and avoid the common error of confusing temporal sequence with
causation. As a result, students who adopt backward processing may be more likely to
detect logical fallacies more effectively and demonstrate deeper analytical reasoning,
producing causal maps that more accurately represent underlying mechanisms rather than
superficial event order.

4.2. Instructional implications

Taken together, the findings and the distinctive characteristics of causal mapping yield
several pedagogical implications for fostering higher-quality student work. In particular,
instructional guidance may emphasize the utility of backward rather than forward
chaining when students are tasked with linking and explaining the events that culminate
in a specified outcome, a recommendation consistent with practices in argument mapping.
At the same time, it is crucial to acknowledge that the way instructors model the causal
mapping process can inadvertently favour one strategy over another. For example,
repeatedly demonstrating either forward or backward chaining may lead students to infer
that the modelled approach represents the preferred or normative method, thereby
discouraging the adoption of potentially more effective alternatives such as backward
processing. To mitigate this risk, instructors should deliberately present, contrast, and
validate proven strategies during instruction, making explicit the conditions under which
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each approach is most effective. Such intentional modelling not only broadens students’
strategic repertoire but also reinforces backward processing as a particularly valuable tool
for constructing coherent and logically sound causal maps.

Likewise, computer-based diagramming tools can be intentionally designed to
facilitate greater use of backward processing. For instance, to support backward chaining,
students could be provided with the option to select node B, which would display “— B”
on screen (corresponding to statements such as “B is caused by ..” or “B occurs
because...”), and then drag and drop node A to the left of B to form the A — B link.
Although such backward linking functionality is rarely incorporated into existing
diagramming platforms, adding such a function as a default setting in a diagramming tool
could significantly increase the likelihood of students using backward processing more
than forward processing. At the same time, in circumstances where forward processing
may be more effective, tools can be designed to encourage forward processing by
allowing students to select node A, which would display “4—" on screen (corresponding
to statements such as “A causes ...”"), and then drag and drop node B onto A to complete
the A — B link. Perhaps it will be possible in the future to create diagramming tools that
can detect the most appropriate times to apply one approach over another to help students
construct higher-quality maps.

Finally, diagramming tools could be intentionally designed to prompt students to
identify the target outcome at the outset of the mapping session and, by default, position
that outcome at the top of the workspace. Such a layout affords students greater
opportunity to employ both backward and forward processing, thereby supporting the
construction of causal maps in an inverted-tree structure. In contrast, when students are
permitted to place the outcome freely, some may elect to position it centrally, as observed
in 5 of the 42 students in this study, resulting in spoke-like configurations. These
spoke-like layouts can hinder the intentional application of backward and forward
processing and disrupt the temporal flow of causal reasoning. Moreover, they complicate
the ability of tools such as JMAP, or future diagramming systems, to detect whether
students are engaging in backward or forward processing, to evaluate the reasoning
processes underlying their maps, and to deliver targeted prompts that scaffold their
thinking. By guiding students to begin with a clearly positioned outcome and structuring
the interface to reinforce directional processing, software tools can more effectively
facilitate the production of high-quality causal maps and enable more accurate analyses
of complex problems.

4.3. Study limitations and future research

The results indicate that the mapping processes examined in this study did not
definitively enhance the quality of students’ causal maps. Overall scores were relatively
low, with the average map score only 37% of the maximum possible. Larger sample sizes
are needed to determine if greater use of backward and depth-first processing can
significantly improve map quality. Future studies can also vary task design, such as
specifying or leaving nodes open in advance, and employing more complex subjects to
uncover links between map quality and other processes not yet identified and measured
using the methods described in this study. Research can also compare how causal and
argument maps are constructed under controlled conditions, balancing factors such as
prior knowledge, number of nodes, and sub-trees. One approach is to present both groups
with the same subject matter to reduce differences in topic complexity and familiarity.
For example, causal mapping participants could trace pathways leading to a specific
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outcome (X), while argument mapping participants could evaluate the strength and
truthfulness of claims about outcome X. To ensure consistency, the number of events in
causal maps can be matched with the number of premises in argument maps. Researchers
may also increase topic complexity gradually to observe whether students rely more
heavily on certain cognitive processes as tasks become more demanding.

In this study, five causal maps with a spoke-like configuration were excluded
because the computer code developed by Jeong (2020) could not reliably determine
whether students were using forward or backward reasoning based on node placement.
Kinchin (2011) notes that spoke-like structures often rely on static linking phrases, which
restrict deeper understanding, and once connections are made, students are less likely to
revise them. This suggests that students who create spoke-like maps may produce lower-
quality causal maps. Including these maps in future analyses could reveal how and when
specific strategies help students construct stronger causal maps. To support this, the
computer code can be refined to identify forward processing when a node is placed
between the previously moved node and the final outcome, and backward processing
when the previously placed node lies between the newly placed node and the final
outcome. The code and analytic algorithms can also be enhanced to analyse and identify
possible processes students are using the moment they link two events in a causal map.

To examine the impact of using breadth- vs. depth-first processing, further studies
can be conducted using criterion maps with a larger number of branches, given that this
and the Jeong (2020) study used criterion maps with only two main branches. Differences
between the breadth versus depth of the criterion map can affect the probability with
which students perform a depth-first action over a breadth-first action in their first five
moves based on chance alone (not based on their choice of cognitive strategy). At the
same time, BRD ratio scores can be computed iteratively in relation to expected scores to
account for increases/decreases in the likelihood of selecting a sibling node among the
number of remaining nodes that have yet to be positioned and placed in the map.

4.4. Conclusion

This study employed the tools and methods developed by Jeong (2020), originally
designed to analyse argument maps, to investigate the processes students use when
constructing causal maps. The findings, although not conclusive, suggest that backward
processing can help students create higher-quality maps, similar to the results found in
argument mapping. In contrast, greater use of depth-first processes did not appear to
improve map quality. These differences from prior studies on argument maps (Jeong,
2020) may reflect the distinct task demands of causal versus argument mapping,
highlighting the need for strategy-specific guidance. In addition to these findings, this
study demonstrates some possible approaches to designing future computer-aided
diagramming tools to support students’ reasoning in real-time and measure the impact of
specific processes on learning outcomes. This is particularly relevant given that prior
research on mapping and critical thinking has produced mixed results, largely because
researchers lack the means to measure and verify the processes students use as they
construct maps. By refining these tools, future research can be directed towards the
creation of automated diagramming tools, combined with the use of generative Al, that
can identify what strategies students are using to help them build more effective maps in
the process of strengthening their reasoning, understanding, and problem-solving skills.
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