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Introduction: Reasoning is a complex form of human cognition whose nature has long been debated. While a number of neurocognitive mechanisms for deductive reasoning have been offered, one of the most prominent accounts is Mental Model Theory (MMT). According to MMT, humans are able to manipulate and represent information for reasoning and problem solving by leveraging the brain’s evolved visuospatial resources. Thus, when solving deductive reasoning problems, reasoners build “mental models” of the essential pieces of information conveyed in the premises, with their relations to each other represented spatially—even when the information contained within a reasoning problem is not intrinsically spatial. Crucially, taking a spatially-based approach, such as building mental models, supports higher accuracy on deductive reasoning problems. However, no study has empirically tested whether explicitly training this mental modeling ability leads to improved deductive reasoning performance.

Method: Therefore, we designed the Mental Models Training App, a cognitive training mobile application which requires participants to complete increasingly difficult reasoning problems while using an external mental modeling tool. In this preregistered study (https://osf.io/4b7kn), we conducted a between-subjects experiment (N = 301) which compared the Mental Models Training App to 3 distinct control conditions in order to examine which specific components (if any) of the training were causally responsible for improved reasoning performance.

Results: Results demonstrate that, when compared to a passive control condition, the Mental Models Training App led to improvements in adults’ verbal deductive reasoning performance both during and after the training intervention. However, contrary to our preregistered hypotheses, the training-induced improvements were not significantly larger than the effects of the active control conditions—one which included adaptive practice of the reasoning problems, and one which included adaptive practice as well as a spatial alphabetization control task.

Discussion: Therefore, while the present results demonstrate the ability of the Mental Models Training App to enhance verbal deductive reasoning, they do not support the hypothesis that directly training participants mental modeling ability yields improved performance beyond the effects of adaptive practice of reasoning. Future research should examine the long-term effects of repeated usage of the Mental Models Training App, as well as transfer effects to other forms of reasoning. Finally, we present the Mental Models Training App as a free mobile application available on the Apple App store (https://apps.apple.com/us/app/mental-models-training/id1664939931), in the hope that this translational research may be utilized by the general public to improve their reasoning ability.
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1. Introduction

Complex human thinking and reasoning is a recent evolutionary arrival. The primate brain evolved to interact with objects in space rather than interact with complex logic structures, so a great deal of the cerebral cortex is devoted to visuospatial and motor processing (Byrne and Johnson-Laird, 1989; Waltz et al., 1999; Byrne et al., 2007; Kravitz et al., 2011). According to a prominent account in cognitive science—mental model theory (MMT)—human reasoning and problem-solving co-opts previously evolved neural machinery for visuospatial and motor processing to internally represent and manipulate information (Johnson-Laird, 1980, 2010; Tversky, 1991; Wai et al., 2009). In other words, people form internal, spatially arranged “mental models” of relevant information, suggesting a connection between mental modeling ability and spatial cognition (e.g., related pieces of information are close together in space and unrelated pieces of information are far apart). Consistent with this perspective, emerging work indicates that spatial cognition is a malleable neurocognitive resource that supports deductive verbal reasoning (Collins and Gentner, 1987; Johnson-Laird, 2010; Uttal et al., 2013a,b; Cortes et al., 2022). The well-established role of mental modeling as a form of spatial cognition that supports verbal reasoning suggests that, if mental modeling can be trained through explicit spatialization of information, verbal reasoning performance can be enhanced. The goal of the present study was to train mental modeling using a mobile application and test for improvements in verbal deductive reasoning performance.

Mental model theory has been highly influential in the cognitive and brain sciences for several decades (Johnson-Laird, 1980; Byrne and Johnson-Laird, 1989; Goodwin and Johnson-Laird, 2005), and this literature has described mental modeling as a resource that generalizes across multiple forms of reasoning. Deductive verbal reasoning, for example, is supported by the formation and manipulation of mental models (Knauff and Johnson-Laird, 2002; Goodwin and Johnson-Laird, 2005; Knauff, 2009). In a deductive verbal reasoning problem, one must deduce whether a conclusion logically follows from premises (e.g., Premise 1: The dog is better than the cat/Premise 2: The cat is better than the frog/Conclusion: The dog is better than the frog). In such an example, a reasoner might represent the better option as above a worse option, “spatializing” the concept of goodness, which is not inherently spatial. Several theories of human reasoning suggest that these sorts of problems, often called linear syllogisms, are solved using internal representations which are spatially ordered (De Soto et al., 1965; Huttenlocher, 1968; Byrne and Johnson-Laird, 1989; Khemlani and Johnson-Laird, 2012; Ragni and Knauff, 2013). Notably, the extent to which reasoners are able to apply such mental models is associated with variability in task performance; building superior mental models has been associated with higher accuracy on deductive reasoning tasks (Galotti et al., 1986; Roberts, 2000; Schaeken et al., 2014). However, no study has empirically tested whether it is possible to explicitly training this mental modeling ability.

Although mental model training is thus-far untested, there is reason to believe that mental modeling can be improved through targeted interventions. For instance, many other visuospatial and motor cognitive resources are trainable and show transfer to untrained reasoning tasks (Adkins et al., 2006; Forgeard et al., 2008; Sanchez, 2012; Frick and Möhring, 2016; Lowrie et al., 2017). Educational psychology has also shown promise for training spatial cognition, which is thought to support mental modeling during reasoning (Byrne and Johnson-Laird, 1989; Johnson-Laird, 2004; Knauff, 2009). Meta-analytic evidence indicates that training on a range of spatial tasks leads to improvement on the trained abilities and may yield transfer to untrained STEM-related tasks (Uttal et al., 2013a). Emerging research has highlighted neural and behavioral changes during verbal reasoning following participation in spatially focused curricula in real-world classroom (Cortes et al., 2022). While encouraging, other spatial training studies have failed to produce lasting transfer (Mix and Cheng, 2012; Xu and LeFevre, 2016). Notably, none of this work has tested whether it is possible to directly train the mental modeling resource itself, and whether this would lead to improved verbal deductive reasoning performance.

Training efforts to improve spatial thinking reflect a growing emphasis within psychology and neuroscience to use cognitive training programs to improve general cognitive ability (CGA; Sala and Gobet, 2019). Generally, these training paradigms follow a similar logic: If Tasks X, Y, and Z require Cognitive Skill A—and Cognitive Skill A influence GCA—then training on Tasks X, Y, and/or Z can transfer to improve GCA. In other words, enhancing a domain-general cognitive ability is be achieved by a domain-specific training (Taatgen, 2021).

Most of these cognitive training efforts have focused on working memory (Jaeggi et al., 2008; Shipstead et al., 2012a,b). This is not surprising given the extensive literature demonstrating the strong positive relationship between working memory and a range of cognitive abilities (e.g., executive function, fluid intelligence, verbal reasoning, and mathematical achievement; Daneman and Carpenter, 1980; Kyllonen and Christal, 1990; Engle et al., 1999). Some of this work is promising, but in many cases, working memory trainings have been unable to achieve appreciable effect sizes, do not demonstrate sustained and/or transferable effects, and have failed to replicate (Shipstead et al., 2012a,b; Melby-Lervåg and Hulme, 2013; Redick et al., 2013). Indeed, robust meta-analyses have provided strong evidence that past cognitive training efforts—including but not limited to working memory paradigms—do not yield transfer for GCA or its component abilities (Sala and Gobet, 2019).

Although substantial evidence has highlighted the role of working memory in verbal reasoning (Kyllonen and Christal, 1990; Klauer, 1997; Ruff et al., 2003), the lack of successful working memory training effects suggests that targeted training of other cognitive abilities may be worth investigating. Mental modeling is a cognitive ability that draws on working memory (Ruff et al., 2003; Ragni and Knauff, 2013)—as virtually all cognitive abilities do—but has direct, mechanistic ties to spatial cognition and verbal reasoning, and may therefore yield larger effects than efforts to train working memory broadly. Given the evidence for mental modeling as a reasoning-general mechanism, the present study was devised to test whether targeting this specific cognitive ability can produce sustained improvements in reasoning (a domain-general cognitive ability).

If mental modeling is indeed a viable subject of cognitive training, there are important considerations regarding how to conduct such a training. Key components of successful cognitive training paradigms include: adaptive training (e.g., attuned to each individual’s performance; Kelly et al., 2014), increases in problem difficulty (Wickens et al., 2013), and performance feedback after each problem (Larson, 1984). For mental models training in particular, one promising direction is to externalize reasoners’ internal mental representations—that is, “build” visible manifestations of the internal spatial representations of complex mental models during the reasoning process. The use of external spatialization tools may afford reasoners better insight into model accuracy through concrete visualization while also reducing burdens on working memory. Informed by educational psychology research, spatial tools allow individuals to better process abstract concepts through concrete visualization, and that can be measured and compared through established methods (Hay et al., 2008). However, it is important that these tools are as simple and color-less as possible, as visual imagery can actually impede the reasoning process (Knauff and Johnson-Laird, 2002). Research on multimedia learning (e.g., translating verbal content into visual images to improve learning) provides support for this notion, as overly complex visual environments during learning can lead to extraneous cognitive processing that distracts from the core processes of the learning paradigm, therefore impeding optical instructional outcomes (Mayer, 2009, 2014; Makransky et al., 2019).

Successful efforts at mental modeling training via a simple smartphone application could allow for increased growth in accessibility of such trainings, given the ubiquity of such devices (Poushter, 2016). However, most “brain training” mobile applications are not empirically validated by scientific research before released to the public—and when these apps are scientifically tested, many of them turn out to be completely ineffective at enhancing cognition (Owen et al., 2010; Rabipour and Raz, 2012). This has resulted in a general distrust of “brain training” apps by the scientific community (Simons et al., 2016), as well as legal sanctions against certain apps, such as the FTC’s conviction of Lumosity, for deceptive advertising (Bainbridge and Mayer, 2018).

Therefore, we designed the Mental Models Training App, which requires participants to adaptively complete increasingly difficult reasoning problems while using a spatial modeling tool to construct external mental models. The present study tests whether this app-based training improves verbal deductive reasoning, as measured by the Multidimensional Relational Reasoning Test (MRRT; Cortes et al., 2021). We compared the Mental Models Training App to several control conditions (see Methods) in order to examine which specific components (if any) were causally responsible for improved reasoning performance. Positive effects of the training would provide support for the MMT by demonstrating a causal role of mental modeling ability in verbal deductive reasoning, while also demonstrating the efficacy of a free mobile app that anyone can use to enhance their own reasoning ability. This research is part of a larger effort to translate basic science into applied tools that have the potential to benefit the general public (Wethington and Dunifon, 2012). This study was preregistered on the Open Science Framework.1



2. Materials and methods


2.1. Participants

A total of 382 participants were recruited through Prolific (Palan and Schitter, 2018), and compensated $37.50 for their participation in the full study (i.e., $15 per hour for 2.5 total hours). Participation was limited to adults’ ages 18–35 living in the United States who spoke English as their first language and had not participated in any prior studies from our laboratory. Substantial data removal is standard in online data collection (Buhrmester et al., 2011; Allahbakhsh et al., 2013; Palan and Schitter, 2018), and was anticipated in the present study. We included four attention check items (e.g., please select “True”) throughout the study to screen for participants who were not properly attending to the questions (e.g., rushing through and clicking answers). Thirteen participants were removed for missing a total of two or more attention checks across both sessions, 50 participants were lost due to an error during data collection (sent the wrong survey link), and 18 participants were removed because they did not complete the entire study. Therefore, the final sample included 301 participants (57.8% Female, 38.5% Male, 3.7% Other; mean age = 27.4 years, SD = 7.3; 63.2% Caucasian, 7.3% Asian, 12.6% African American, 5.6% Hispanic; 0% Native American, 11.3% Mixed Race/Other; Total Years of Education: 48.1% 16+ years, 37.5% 13–15 years, 12.9% 12 years, 1.4% 0–11 years; Total Household Income: 19.3% Less than $30,000, 18.3% $30,000–$50,000, 17.9% $50,001–$70,000, 21.6% $70,001–$100,000, 14.3% $100,001–$150,000, 4.3% $150,001–$250,000, 4.3% More than $250,000). All study procedures were approved by the Georgetown University Institutional Review Board, and all participants provided informed written consent before participation.



2.2. Study design and procedure

A full visual depiction of the study design and procedure can be found in Figure 1. During the pretest, participants first completed 45 items from the MRRT (Cortes et al., 2021), a measure of verbal deductive reasoning which served as the main outcome measure of the study. After completing the MRRT, participants completed additional measures not analyzed in the present study, with the demographics survey always administered at the end. The entire pretest took approximately 1 h. The following day (24 h later), participants were randomized into one of the four experimental conditions (see Experimental Conditions section and Figure 2 for full description of each condition). The timing of the interventions was participant-dependent, as the training application was adaptive to performance in all conditions (except condition 0 in which participants received no intervention), however overall average completion time was approximately 32 min. After completing their respective version of the mobile training application, participants were provided a mandatory 10-min break. Then, all participants completed an appropriately counterbalanced version of the MRRT as a posttest measure of verbal deductive reasoning (to measure change in performance from pretest). The posttest took approximately 30 min. All participants completed the entire study on their iPhones.

[image: Figure 1]

FIGURE 1
 Study design and procedure. Full visual depiction of the study design, cognitive measures administered, sample sizes at each timepoint (for each group), and complete timing information for the length of tasks/interventions administered as well as the break between each session.
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FIGURE 2
 Key components of each condition. Full visual presentation of the app interface for each condition (Left), as well of the key training components of each condition (Right). The app screenshots (Left) represent one cycle from one level, however the design and structure was the same across all 4 levels of the training (as well as each of the 3+ cycles in each level) in each condition. Complete screenshots of the entire instructions section and training levels within each condition can be found at https://osf.io/a8zyn/.




2.3. Verbal deductive reasoning

Verbal deductive reasoning was measured with the MRRT (available for use at https://osf.io/qfvp2/; Cortes et al., 2021). Within each MRRT problem, 2–3 premises and a conclusion were presented (e.g., “Premise 1: Tim is above and the right of John/Premise 2: Bob is above and to the right of Tim/Conclusion: John is below and to the left of Bob”) and participants were instructed to respond with “True” if the conclusion necessarily follows from the premises or “False” if the conclusion could possibly be false (i.e., if it is clearly false from the information in the premises or if the solution is indeterminate). Participants were given up to 90 s to complete each problem and were instructed to solve every problem in their head without the use of pencil/paper or their fingers. The problems in the MRRT were systematically varied along the following stimulus properties: Number of Premises (2 or 3), Number of Dimensions (1 or 2), Relation Type (Spatial or Non-spatial), and Solution (True, False, or Indeterminate). The MRRT was used during pretest, training, and posttest—each implementation contained a different set of names (all two-syllable male names from ranks 50–100 in the list of popular names from the 1990s2 in order to prevent participants from seeing repeated problems while preserving (and matching) the underlying stimulus qualities. Two different versions of the MRRT were created (A and B) for the pretest and posttest, both of which contained 45 problems with the same stimulus properties and overall average problem difficulty (72% accuracy), but with different specific names and wording—these versions were counterbalanced across all participants, equally across each of the conditions. For example, half of the participants in each condition completed version A in the pretest and version B in the posttest, while the other half completed version B in the pretest and version A in the posttest. The version of the MRRT in the training was divided into levels based on stimulus properties (number of premises and number of dimensions) which have been empirically proven to impact problem difficulty (for more details, see Experimental Conditions, Figure 3, and Cortes et al., 2021). The full stimuli for version A, version B, and the training version of MRRT can be found at https://osf.io/a8zyn/.

[image: Figure 3]

FIGURE 3
 Levels within the mental models training. Full description of the problem types included in each level of the training app in Conditions 1–3. The MRRT problems in these levels were empirically proven to be increasingly difficult (Cortes et al., 2021). The normative average accuracy was 80% for the problems in level 1, 73% for the problems in level 2, 72% for the problems in level 3, and 66% for the problems in level 4.




2.4. Experimental conditions


2.4.1. Condition 0: Passive control group—no intervention

In order to control for the practice effects of completing the MRRT during the pretest and test the effects of each condition against a truly passive control group, Condition 0 was implemented such that participants did not complete any intervention (i.e., they did not download any training app) and simply completed the MRRT posttest 24 h after they completed the pretest.



2.4.2. Similarity across all conditions (excluding Condition 0)

All training conditions (Conditions 1–3) were completed by participants on their iPhones through the TestFlight application, which allowed participants to download a specific version of the training app using a condition-specific password provided by the researchers. Upon opening the app, participants entered their Prolific ID number along with the condition-specific password. The title of the app (“Reasoning Training”), the instructions provided about the reasoning problems (e.g., “Welcome to the Reasoning Training app. This app is designed to help you improve your reasoning skills. The training will get increasingly difficult as you go on, and it is very important that you follow the instructions so that the training is effective.”), and the overall structure of the app (adaptive reasoning training with increasingly difficult problems) was kept the exact same across all conditions (see Figure 2) to create a uniform participant experience and ensure that any group differences were related to specific and intentional differences created between conditions. Within each app, participants were instructed to solve all problems in their head and were given optional 3 min breaks between each level of the training. Participants had 90 total seconds to solve each problem—75 s to view the premises and reason about them, and once participants pressed the “conclusion” button, the conclusion would appear and participants had 15 s to response “Yes” for necessarily true or “No” for not necessarily true. The purpose of this problem timing was to ensure that participants fully solved the problems and processed all of the premise information, rather than focusing solely on the conclusion and using process of elimination. In Condition 3, this ensured that participants fully constructed a mental model before attempting to solve the problem. After each problem, participants received feedback on whether they answered the problem correctly or incorrectly (“Correct” vs. “Incorrect”).

In all training conditions, participants completed the same 4 levels of increasingly difficult MRRT problems (see Figure 3). The verbal deductive reasoning problems in these levels were empirically proven to increasingly difficult based on normative accuracy data (Cortes et al., 2021; Figure 3). Level 1 contained two premise, one dimensional problems with both non-spatial and spatial wording (average accuracy = 80%); Level 2 contained two premise, two dimensional problems with both non-spatial and spatial wording (average accuracy = 73%); Level 3 contained three premise, one dimensional problems with both non-spatial and spatial wording (average accuracy = 72%); and Level 4 contained three premise, two dimensional problems with both non-spatial and spatial wording (average accuracy = 66%). See Figure 3 for full details of each level3 for the exact problems within each level. Within each level, participants had to complete 3 successful cycles to advance to the next level. A successful cycle entailed completing two reasoning problems in a row with the correct answer—some of the components within the cycles differed based on condition (see Figure 2 and the Condition 1–3 sections below). After each problem, participants received feedback on whether they answered the problem correctly or incorrectly (“Correct” vs. “Incorrect”). At the end of the app, participants were redirected to a survey which included a mandatory 10-min break, followed by the posttest MRRT. Complete screenshots of the entire instructions section and training levels for each condition (1–3) can be found at https://osf.io/a8zyn/.



2.4.3. Condition 1: Active control group—adaptive practice

In order to control for the effects of practicing verbal deductive reasoning problems in a mobile application, Condition 1 was designed the same as Conditions 2 and 3, except that there was no spatial tool included in the training. Participants still received instructions for solving reasoning problems, the problem timing remained the same, correct/incorrect feedback was still provided after each problem, and the levels still advanced in the same increasingly difficult manner. However, the cycles within each level only included 2 successive reasoning problems (see Figure 2) and there was never any mention or usage of a spatial tool throughout the training.



2.4.4. Condition 2: Active control group—adaptive practice with spatial alphabetization tool

In order to control for the visual, spatial, and motor processes engaged by using a spatial tool during the reasoning training, Condition 2 matched the design of Condition 3, but provided participants with a spatial alphabetization tool (Figure 2) instead of the spatial modeling tool. In the instructions section of the app, participants were introduced to the spatial alphabetization tool and instructed to “arrange the names below in a horizontal line, alphabetically from left to right” (see Figure 2). Participants were instructed to create several different spatial structures throughout the training, depending on the number of names in the premises (e.g., horizontal line, vertical line, triangle, square), and the direction of alphabetization (e.g., left to right, right to left, top to bottom, bottom to top, clockwise, counter clockwise) was evenly distributed across the training.

A key difference from Condition 3 is that, during the levels of the training, participants in Condition 2 were provided with the spatial alphabetization tool after each reasoning problem using a different set of names than those shown in the previous problem. This design ensured that participants were not distracted during the reasoning problem (i.e., dividing their attention in counterproductive ways) and that they could not use the alphabetization tool in order to create mental models during the reasoning problems or retrospectively after solving reasoning problems. Relatedly, participants in Condition 2 completed cycles with the following components: 1) complete a reasoning problem without a tool, (2) alphabetize a separate list of names in the specific spatial configuration and alphabetical direction, (3) for non-spatial problems, verbally explain how they used the spatial alphabetization tool to arrange the names to form the alphabetized shape (4) complete a new reasoning problem, (4) alphabetize a separate list of names in the specific spatial configuration and alphabetical direction (see Figure 2). As in all other conditions, participants had to complete 3 successful cycles to advance from one level to the next. At the beginning of each level, participants were shown an example of how the tool could be used to spatially alphabetize the names from the type of problems included in that level (Figure 2).

Typical responses to the verbal explanation prompt for non-spatial problems in Condition 2 included: “I put them alphabetically from left to right,” “I arranged the circles alphabetically from bottom to top in a vertical line,” and “I placed the names alphabetically in a triangle starting lower left and clockwise.” The prevalence of these sorts of responses suggested that the spatial alphabetization tool was generally used as intended. In addition, thorough visual inspection of the alphabetized shapes created throughout the training by participants in this condition confirmed that the alphabetize spatial tool was utilized as intended.



2.4.5. Condition 3: Experimental group—the Mental Models Training App

The defining feature of the Mental Models Training App (Condition 3) was that it provided participants with a spatial modeling tool to create external mental models while solving increasingly difficult reasoning problems in the app’s levels. The spatialization tool was introduced during the instructions section of the app, wherein participants were shown (1) a visual example of how the tool could be used to represent reasoning problems in a spatial manner, (2) how to tap in the workspace to create pre-labeled tokens for each of the names in a reasoning problem, (3) how to move the tokens around within the workspace to create a mental model for a reasoning problem, and (4) an example reasoning problem in which they could use the tool to create a mental model and solve the problem. After completing the instructions, participants began level 1 of the training.

Within each level of the Mental Models Training App (Condition 3), participants completed cycles with the following structure: (1) complete a problem using the spatialization tool to create mental models of the names in the premises, (2) for non-spatial problems, verbally explain how they solved the problem using the spatialization tool, (3) complete a new problem without the use of the spatialization tool, and (4) use the tool to spatially explain how they solved the previous problem (see Figure 2). The goal of this process was to teach participants how to construct mental models externally in a 2-dimensional space and encourage the internalization of this process. As in all other conditions, participants had to complete 3 successful cycles to advance from one level to the next. At the beginning of each level, participants were shown an example mental model for the corresponding type of problems included in that level (Figure 2).

Typical responses to the verbal explanation prompt for non-spatial problems in Condition 3 included: “I used the tool similar to above and below to rank the level of excitement,” “I placed those who were more patient further to the right than those who were less patient,” and “I used the visual tool to show the hierarchy.” The prevalence of these sorts of responses suggested that the spatialization tool was generally used as intended. In addition, thorough visual inspection of the mental models created throughout the training by participants in this condition confirmed that the mental modeling tool was utilized as intended.




2.5. Analytic strategy

In order to assess the effects of each training condition on reasoning performance (i.e., MRRT accuracy and RT) from pretest to posttest, we conducted a series of mixed-effects models testing for condition-by-time interactions. Mixed-effects models are appropriate when several repeated measurements or observations (Level 1) are nested within a higher level of data (Level 2; Longford, 1995; Goldstein, 2011). In the present study, stimulus properties of the MRRT (number of dimensions, number of premises, spatial vs. non-spatial wording, true vs. false solution) and timepoint (pretest, posttest) were modeled as a Level 1 variables, and each participant’s demographic variables (age, gender, income, and education) and condition assignment (Condition 0, 1, 2, or 3) were modeled as Level 2 variables. Because we were interested in examining the condition-by-time effects on MRRT accuracy and RT, we performed separate mixed-effects models for these two dependent variables. The condition-by-time effect on accuracy was investigated using a mixed-effects logistic regression because accuracy was a binary variable (i.e., each individual response was either correct or incorrect). RT models were estimated via mixed-effects linear regression. All models estimated fixed effects, given that the high number of variables included made random slope estimations computationally infeasible (Bell et al., 2019). All mixed-effects models were fit using the glmer (for accuracy) and lmer (for RT) commands in R Studio (De Boeck et al., 2011; Lee and Grimm, 2018; Verzani, 2014). Significance tests were two-sided.




3. Results


3.1. Descriptive statistics for pretest variables

Descriptive statics for all variables measured at pretest (separated by condition) can be found in Table 1. Results indicate that all variables were not significantly different across conditions, indicating that each condition contained cognitively and demographically equivalent participants at the start of the experiment (before the various training conditions were administered). This result provides confidence that any training-related effects are likely due to the training conditions rather than extraneous characteristics of the sample in each condition.



TABLE 1 Descriptive statistics for pretest measures across conditions.
[image: Table1]



3.2. Effects of training conditions on reasoning performance

We ran two mixed-effects models (Model 1: Accuracy, mixed-effects logistic regression; Model 2: RT, mixed-effects linear regression) to examine whether each of the training conditions (1–3) significantly improved MRRT performance from pretest to posttest, using the passive control condition with no intervention (condition 0) as the reference factor level. All models controlled for stimulus properties of the MRRT problems (relation type, premises, dimensions, and solution) and demographic characteristics of the participants (Age, Gender, Income Bracket, and Total Education). Results indicated significant condition-by-time effects of all three conditions (1–3) on MRRT accuracy (Table 2) and RT (Table 3). Condition 1 (adaptive practice) showed the largest training effects compared to condition 0 (passive control), as participants in condition 1 were 1.46 times more likely to provide the correct response in 3.26 fewer seconds. Participants in condition 2 (alphabetize spatial tool) were 1.31 times more likely to provide the correct response in 1.98 fewer seconds when compared to condition 0 (passive control). Participants in condition 3 (mental models training) were 1.35 times more likely to provide the correct response in 2.22 fewer seconds. Bar graphs of the mean accuracy and RT for each condition at each timepoint can be found in Figures 4, 5, respectively. Additional models comparing the effects between the training app conditions (condition 3 vs. condition 1, condition 2 vs. condition 1, condition 3 vs. condition 2) revealed no significant differences in the size of the training effects between conditions 1 and 3 on accuracy (all p > 0.38) or RT (all p > 0.07).



TABLE 2 Mixed-effects logistic regression model for condition-by-time effects on accuracy (fixed effects).
[image: Table2]



TABLE 3 Mixed-effects linear regression model for condition-by-time effects on RT (fixed effects).
[image: Table3]
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FIGURE 4
 Mean accuracy at each timepoint across all conditions. Condition 0, no intervention; Condition 1, adaptive practice; Condition 2, alphabetize spatial tool; Condition 3, mental models training.


[image: Figure 5]

FIGURE 5
 Mean reaction time (seconds) at each timepoint across all conditions. Condition 0, no intervention; Condition 1, adaptive practice; Condition 2, alphabetize spatial tool; Condition 3, mental models training.




3.3. Within-training differences between conditions

Next, we examined differences in performance within the training app across conditions 1–3 (condition 0 was not included as it did not include the app intervention). Participants in condition 1 (adaptive training) completed the training in an average of 21.93 min, which was significantly shorter (about half as long) than the average completion time in condition 2 (alphabetize spatial tool; 38.43 min) and condition 3 (mental models training; 37.55 min; Table 4). This was not surprising given that condition 1 contained half as many training components as conditions 2 and 3 (see Figure 2). For this reason, the remaining analyses of within-training focus on the number of problems completed within the training levels, which directly tracks with the number of cycles participants had to successfully complete before advancing to the following level (i.e., how well they were performing within each level).



TABLE 4 Total training time and number of problems completed during the app training across conditions 1–3.
[image: Table4]

The total number of reasoning problems completed in the training was not significantly different across conditions (Table 4). However, in level 3 of the training, participants in condition 3 (mental models training) completed significantly fewer problems (mean of 8.47 problems, or 4.1 successful cycles) than both condition 2 (alphabetize spatial tool; mean of 11.07 problems, or 5.53 successful cycles) and condition 1 (adaptive practice; mean of 12.21 problems, or 6.11 successful cycles; Table 4). Completing fewer problems indicated improved performance within a training level, as 3 successful cycles (one successful cycle included two subsequent correct reasoning problems) were required to advance from each level—the higher number of problems completed within a level, the more problems a participant answered incorrectly. In sum, participants in the Mental Models Training App condition answered fewer problems incorrectly (i.e., performed better) in level 3 compared to the active control conditions. Level 3 problems contained three premise, one-dimension reasoning problems. There were not significant differences in number of problems completed in any other levels (Table 4), though the differences in progression through the training can be visualized in Figure 6, which contains a bar graph representing the mean number of problems completed during the training across conditions 1–3.
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FIGURE 6
 Mean number of problems completed in each level of the training across conditions 1–3. Condition 1, adaptive practice; Condition 2, alphabetize spatial tool; Condition 3, mental models training.




3.4. Exploratory analyses

Based on the finding that participants in Condition 3 showed improved performance on 3-premise problems in level 3 of the mobile training app (compared to Conditions 1 and 2), we conducted exploratory analyses testing for a significant three-way interaction between Condition-Time-Premises on reasoning performance (examining the posttest training effects in Condition 3 as compared to the other conditions). Results indicated no significant Condition-Time-Premises interaction for Condition 3 compared to: Condition 0 (Accuracy: Odds Ratio = 1.08, CI = 0.66–1.27, p = 0.602; RT: Estimated effect: −0.30 s, CI = −1.96-2.56, p = 0.795), Condition 1 (Accuracy: Odds Ratio = 1.17, CI = 0.60–1.15, p = 0.262; RT: Estimated effect: 0.65 s, CI = −2.90-1.60, p = 0.572), or Condition 2 (Accuracy: Odds Ratio = 0.92, CI = 0.81–1.44, p = 0.593; RT: Estimated effect: 0.24 s, CI = −2.21-1.73, p = 0.813).




4. Discussion

The present study provides empirical evidence that a mental model-based cognitive training mobile application (“The Mental Models Training App”) significantly improved verbal deductive reasoning performance, as indicated by increased accuracy and reduced reaction time on the MRRT (Cortes et al., 2021), compared to a passive control group which received no intervention. However, contrary to our preregistered hypotheses, the training-induced improvements in the Mental Models Training App condition were not significantly different than the improvements in both of the active control conditions of the app intervention—one which included adaptive practice of the MRRT (condition 1), and the other which included adaptive practice as well as an alphabetize spatial tool control task (condition 2). Specifically, the adaptive practice training (condition 1) led to the nominally highest improvements in reasoning performance, despite taking roughly half the amount of time (~22 min) as the mental models training and the alphabetize spatial tool control training (~38 amounts). These results demonstrate that simply practicing reasoning problems within any version of the mobile app led to improved reasoning performance immediately after completing the training.

We did not find evidence for an additive benefit of the spatialization tool, nor a closely matched control version of that tool, for improving reasoning performance after the training. In line with prior research on cognitive training (Schubert et al., 2014), it is possible that the practice-based training (in the adaptive practice condition) may be more effective than strategy-based training (in the mental models conditioning) at improving reasoning performance in the short-term (i.e., after one session). Relatedly, the additional cognitive demands of the mental models training (i.e., creating visualizations of mental models in-between and during trials) may have produced fatigue effects which were not present in the adaptive training condition (which took half the time to complete and did not involve any sort of multi-tasking between problems). Future research should examine the long-term effects of repeated usage of the Mental Models Training App, as it is possible that if the intervention was completed multiple times across several weeks, and posttest performance was measured on the scale of months rather than minutes, the Mental Models Training App may be the most effective at promoting long-term retention of improvements and overall strategy changes compared to basic practice in the control condition. Therefore, while the present results demonstrate the ability of the Mental Models Training App to enhance verbal reasoning, they do not support the mental models theory-based hypothesis that directly training participants’ mental modeling ability yields improved performance beyond the effects of adaptive, increasingly difficult practice of reasoning problems in a cognitive training mobile application.

However, we did find evidence that the spatial modeling tool directly improved performance during the mobile training app. Specifically, participants in the Mental Models Training App training completed level 3 of the training (one-dimension, three premise problems) with significantly fewer total attempts (an average of 8 problems completed compared to 12 problems in both of the control conditions). Previous research on deductive verbal reasoning has found that the single most impactful stimulus factor on problem difficulty is the number of premises (Cortes et al., 2021). In particular, the increase from two premises to three premises results in a 10% reduction in accuracy (Cortes et al., 2021), due to the additional demands a third premise places on working memory (Klauer, 1997; Johnson-Laird, 2001; Goodwin and Johnson-Laird, 2005). In the present data, access to the spatial modeling tool during the training completely wiped out this effect on difficulty (0% change in difficulty compared to 10% in prior data; see Figure 6), indicating that externalizing mental models improved adaptation when reasoning becomes more difficult, perhaps by reducing working memory load during reasoning. However, it should be noted that this within-training improvement on three premise problems did not transfer to posttest reasoning performance.

Future research should test for transfer effects of the Mental Models Training App to other kinds of reasoning, such as causal (Waldmann and Hagmayer, 2013; Khemlani et al., 2014), temporal (Kelly et al., 2020), categorical (Copeland, 2006), and visuospatial reasoning (Elliott and Tyler, 1986; Waschl et al., 2017), all of which are theorized to be supported by the mental modeling resource (Johnson-Laird, 1980, 2004, 2010; Goel et al., 2000; Khemlani and Johnson-Laird, 2012; Ragni and Knauff, 2013; Khemlani et al., 2014; Johnson-Laird et al., 2017). Moreover, research should examine the effects of the intervention on different age groups, such as older adults where cognitive training has yielded the most substantial benefits (Willis et al., 2006; Kueider et al., 2012), or younger children where milestones along their developmental cascade are significantly predictive of future cognitive abilities (Piaget, 1952; Gibson, 1988; Bornstein et al., 2013; Adolph and Tamis-LeMonda, 2014; Libertus et al., 2016). Given recent evidence demonstrating transfer effects from spatially enriched education to verbal deductive reasoning (Cortes et al., 2021), it is possible that an intervention which directly trains spatial scanning ability, a core spatial cognitive process known to support reasoning (Knauff, 2009), may be more effective at producing post-training reasoning performance enhancements than an intervention which directly training participants’ reasoning (such as the Mental Models Training App). Future research should compare the effects of spatial and reasoning training on posttest reasoning performance within the same sample.

Finally, we present the Mental Models Training App as a free mobile application (available on the Apple App store4), in the hope that it may be useful for individuals seeking to improve their reasoning ability.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found at: The data and code for this study can be found in the Open Science Framework (https://osf.io/a8zyn/).



Ethics statement

The studies involving human participants were reviewed and approved by Georgetown University Institutional Review Board. The patients/participants provided their written informed consent to participate in this study.



Author contributions

AG, RC, and AW: conceptualization and writing—review and editing. RC: methodology, formal analysis, investigation, data curation, visualization, project administration, and funding acquisition. RC and AW: writing—original draft preparation. AG: supervision. All authors contributed to the article and approved the submitted version.



Funding

This research was supported by grants to AG from the National Science Foundation (DRL-1420481, EHR-1661065, and EHR-1920682) and the John Temple Foundation for AG and AW [ID 61114]. RC was supported by a National Science Foundation Graduate Research Fellowship and by the Patrick Healy Graduate Fellowship from Georgetown University.



Acknowledgments

We acknowledge Joseph Marino for developing and coding the Mental Models Training App in Swift and helping publish the app on the Apple App Store. We also acknowledge Sangmeet Khemlani for his help in designing increasingly difficult levels of reasoning problems within the training.



Conflict of interest

RC and AG are the developers of intellectual property owned by Georgetown University related to the Mental Models Training App technology that is described in this manuscript. Although the app is free to download, it includes advertisements and in-app purchases that have the potential to generate revenue for RC, AG, and Georgetown University. Google manages all aspects of the advertisements including content and placement. Furthermore, in-app advertisements do not necessarily represent the data presented in the app.

The remaining author declares that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Footnotes

1   https://osf.io/4b7kn

2   https://www.ssa.gov

3   https://osf.io/a8zyn

4   https://apps.apple.com/us/app/mental-models-training/id1664939931



References

 Adkins, D. L., Boychuk, J., Remple, M. S., and Kleim, J. A. (2006). Motor training induces experience-specific patterns of plasticity across motor cortex and spinal cord. J. Appl. Physiol. 101, 1776–1782. doi: 10.1152/japplphysiol.00515.2006 

 Adolph, K. E., and Tamis-LeMonda, C. S. (2014). The costs and benefits of development: the transition from crawling to walking. Child Dev. Perspect. 8, 187–192. doi: 10.1111/cdep.12085 

 Allahbakhsh, M., Benatallah, B., Ignjatovic, A., Motahari-Nezhad, H. R., Bertino, E., and Dustdar, S. (2013). Quality control in crowdsourcing systems: issues and directions. IEEE Internet Comput. 17, 76–81. doi: 10.1109/MIC.2013.20

 Bainbridge, K., and Mayer, R. E. (2018). Shining the light of research on Lumosity. J. Cogn. Enhanc. 2, 43–62. doi: 10.1007/s41465-017-0040-5

 Bell, A., Fairbrother, M., and Jones, K. (2019). Fixed and random effects models: making an informed choice. Qual. Quant. 53, 1051–1074. doi: 10.1007/s11135-018-0802-x

 Bornstein, M. H., Hahn, C.-S., and Suwalsky, J. T. D. (2013). Physically developed and exploratory young infants contribute to their own long-term academic achievement. Psychol. Sci. 24, 1906–1917. doi: 10.1177/0956797613479974 

 Buhrmester, M., Kwang, T., and Gosling, S. D. (2011). Amazon’s mechanical Turk. Perspect. Psychol. Sci. 6, 3–5. doi: 10.1177/1745691610393980

 Byrne, P., Becker, S., and Burgess, N. (2007). Remembering the past and imagining the future: a neural model of spatial memory and imagery. Psychol. Rev. 114, 340–375. doi: 10.1037/0033-295X.114.2.340 

 Byrne, R. M. J., and Johnson-Laird, P. N. (1989). Spatial reasoning. J. Mem. Lang. 28, 564–575. doi: 10.1016/0749-596X(89)90013-2

 Collins, A., and Gentner, D. (1987). “How people construct mental models” in Cultural Models in Language and Thought. eds. D. Holland and N. Quinn (Cambridge, England: Cambridge University Press), 243–265. doi: 10.1017/CBO9780511607660.011

 Copeland, D. E. (2006). Theories of categorical reasoning and extended syllogisms. Think. Reason. 12, 379–412. doi: 10.1080/13546780500384772

 Cortes, R. A., Peterson, E. G., Kraemer, D. J. M., Kolvoord, R. A., Uttal, D. H., Dinh, N., et al. (2022). Transfer from spatial education to verbal reasoning and prediction of transfer from learning-related neural change. Sci. Adv. 8:eabo3555. doi: 10.1126/sciadv.abo3555 

 Cortes, R. A., Weinberger, A. B., Colaizzi, G. A., Porter, G. F., Dyke, E. L., Keaton, H. O., et al. (2021). What makes mental modeling difficult? Normative data for the multidimensional relational reasoning task. Front. Psychol. 12:8256. doi: 10.3389/fpsyg.2021.668256 

 Daneman, M., and Carpenter, P. A. (1980). Individual differences in working memory and reading. J. Verb. Learn. Verb. Behav. 19, 450–466. doi: 10.1016/S0022-5371(80)90312-6

 Boeck, P.De, Bakker, M., Zwitser, R., Nivard, M., Hofman, A., Tuerlinckx, F., et al. (2011). The estimation of item response models with the lmer function from the lme4 package in R. J. Stat. Softw. 39:i12. doi: 10.18637/jss.v039.i12.

 De Soto, C. B., London, M., and Handel, S. (1965). Social reasoning and spatial paralogic. J. Pers. Soc. Psychol. 2, 513–521. doi: 10.1037/h0022492 

 Elliott, C. D., and Tyler, S. T. (1986). British ability scales profiles of children with reading difficulties. Educ. Child Psychol. 3, 80–89.

 Engle, R. W., Tuholski, S. W., Laughlin, J. E., and Conway, A. R. A. (1999). Working memory, short-term memory, and general fluid intelligence: a latent-variable approach. J. Exp. Psychol. Gen. 128, 309–331. doi: 10.1037/0096-3445.128.3.309 

 Forgeard, M., Winner, E., Norton, A., and Schlaug, G. (2008). Practicing a musical instrument in childhood is associated with enhanced verbal ability and nonverbal reasoning. PLoS One 3:e3566. doi: 10.1371/journal.pone.0003566 

 Frick, A., and Möhring, W. (2016). A matter of balance: motor control is related to Children’s spatial and proportional reasoning skills. Front. Psychol. 6:2049. doi: 10.3389/fpsyg.2015.02049 

 Galotti, K. M., Baron, J., and Sabini, J. P. (1986). Individual differences in syllogistic reasoning: deduction rules or mental models? J. Exp. Psychol. Gen. 115, 16–25. doi: 10.1037/0096-3445.115.1.16

 Gibson, E. J. (1988). Exploratory behavior in the development of perceiving, acting, and the acquiring of knowledge. Annu. Rev. Psychol. 39, 1–42. doi: 10.1146/annurev.ps.39.020188.000245

 Goel, V., Buchel, C., Frith, C., and Dolan, R. J. (2000). Dissociation of mechanisms underlying syllogistic reasoning. NeuroImage 12, 504–514. doi: 10.1006/NIMG.2000.0636 

 Goldstein, H. (2011). Multilevel Statistical Models (Vol. 922). Hoboken, NJ: John Wiley & Sons.

 Goodwin, G. P., and Johnson-Laird, P. N. (2005). Reasoning about relations. Psychol. Rev. 112, 468–493. doi: 10.1037/0033-295X.112.2.468

 Hay, D., Kinchin, I., and Lygo-Baker, S. (2008). Making learning visible: the role of concept mapping in higher education. Stud. High. Educ. 33, 295–311. doi: 10.1080/03075070802049251

 Huttenlocher, J. (1968). Constructing spatial images: a strategy in reasoning. Psychol. Rev. 75, 550–560. doi: 10.1037/h0026748

 Jaeggi, S. M., Buschkuehl, M., Jonides, J., and Perrig, W. J. (2008). Improving fluid intelligence with training on working memory. Proc. Natl. Acad. Sci. 105, 6829–6833. doi: 10.1073/pnas.0801268105 

 Johnson-Laird, P. N. (1980). Mental models in cognitive science. Cogn. Sci. 4, 71–115. doi: 10.1207/s15516709cog0401_4

 Johnson-Laird, P. N. (2001). Mental models and deduction. Trends Cogn. Sci. 5, 434–442. doi: 10.1016/S1364-6613(00)01751-4

 Johnson-Laird, P. N. (2004). “The history of mental models.” in Psychology of Reasoning: Theoretical and Historical Perspectives. eds. K. Manktelow and M. Chung (London, England: Psychology Press), 189–365. doi: 10.4324/9780203506936

 Johnson-Laird, P. N., Goodwin, G. P., and Khemlani, S. S. (2017). “Mental models and reasoning” in The Routledge International Handbook of Thinking and Reasoning. eds. L. J. Ball and V. A. Thompson (Abingdon, England: Routledge/Taylor & Francis Group), 346–365. 

 Johnson-Laird, P. N. (2010). Mental models and human reasoning. Proc. Natl. Acad. Sci. U. S. A. 107, 18243–18250. doi: 10.1073/pnas.1012933107 

 Kelly, L. J., Khemlani, S., and Johnson-Laird, P. N. (2020). Reasoning about durations. J. Cogn. Neurosci. 32, 2103–2116. doi: 10.1162/jocn_a_01621

 Kelly, M. E., Loughrey, D., Lawlor, B. A., Robertson, I. H., Walsh, C., and Brennan, S. (2014). The impact of cognitive training and mental stimulation on cognitive and everyday functioning of healthy older adults: a systematic review and meta-analysis. Ageing Res. Rev. 15, 28–43. doi: 10.1016/j.arr.2014.02.004 

 Khemlani, S. S., Barbey, A. K., and Johnson-Laird, P. N. (2014). Causal reasoning with mental models. Front. Hum. Neurosci. 8:849. doi: 10.3389/fnhum.2014.00849 

 Khemlani, S., and Johnson-Laird, P. N. (2012). Theories of the syllogism: a meta-analysis. Psychol. Bull. 138, 427–457. doi: 10.1037/a0026841 

 Klauer, K. C. (1997). Working memory involvement in propositional and spatial reasoning. Think. Reason. 3, 9–47. doi: 10.1080/135467897394419

 Knauff, M. (2009). A neuro-cognitive theory of deductive relational reasoning with mental models and visual images. Spat. Cogn. Compu. 9, 109–137. doi: 10.1080/13875860902887605

 Knauff, M., and Johnson-Laird, P. N. (2002). Visual imagery can impede reasoning. Mem. Cogn. 30, 363–371. doi: 10.3758/BF03194937 

 Kravitz, D. J., Saleem, K. S., Baker, C. I., and Mishkin, M. (2011). A new neural framework for visuospatial processing. Nat. Rev. Neurosci. 12, 217–230. doi: 10.1038/nrn3008 

 Kueider, A. M., Parisi, J. M., Gross, A. L., and Rebok, G. W. (2012). Computerized cognitive training with older adults: a systematic review. PLoS One 7:e40588. doi: 10.1371/journal.pone.0040588 

 Kyllonen, P. C., and Christal, R. E. (1990). Reasoning ability is (little more than) working-memory capacity?! Intelligence 14, 389–433. doi: 10.1016/S0160-2896(05)80012-1

 Larson, J. R. (1984). The performance feedback process: a preliminary model. Organ. Behav. Hum. Perform. 33, 42–76. doi: 10.1016/0030-5073(84)90011-4

 Lee, W., and Grimm, K. J. (2018). Generalized linear mixed-effects modeling programs in R for binary outcomes. Struct. Equ. Model A Multidiscip. J. 25, 824–828. doi: 10.1080/10705511.2018.1500141

 Libertus, K., Joh, A. S., and Needham, A. W. (2016). Motor training at 3 months affects object exploration 12 months later. Dev. Sci. 19, 1058–1066. doi: 10.1111/desc.12370 

 Longford, N. T. (1995). “Random coefficient models” in Handbook of statistical modeling for the social and behavioral sciences (Boston, MA: Springer US), 519–570. doi: 10.1007/978-1-4899-1292-3_10

 Lowrie, T., Logan, T., and Ramful, A. (2017). Visuospatial training improves elementary students’ mathematics performance. Br. J. Educ. Psychol. 87, 170–186. doi: 10.1111/bjep.12142 

 Makransky, G., Terkildsen, T. S., and Mayer, R. E. (2019). Adding immersive virtual reality to a science lab simulation causes more presence but less learning. Learn. Instr. 60, 225–236. doi: 10.1016/j.learninstruc.2017.12.007

 Mayer, R. E. (2009). Multimedia Learning. 2nd Edn. (Cambridge, England: Cambridge University Press). doi: 10.1017/CBO9780511811678.

 Mayer, R. E. (2014). “Cognitive theory of multimedia learning” in The Cambridge handbook of multimedia learning (New York: Cambridge University Press), 43–71. doi: 10.1017/CBO9781139547369.005

 Melby-Lervåg, M., and Hulme, C. (2013). Is working memory training effective? A meta-analytic review. Dev. Psychol. 49, 270–291. doi: 10.1037/a0028228

 Mix, K. S., and Cheng, Y.-L. (2012). “The relation between space and math: Developmental and educational implications,” in Advances in Child Development and Behavior. ed. J. B. Benson (Elsevier Academic Press). 197–243 doi: 10.1016/B978-0-12-394388-0.00006-X.

 Owen, A. M., Hampshire, A., Grahn, J. A., Stenton, R., Dajani, S., Burns, A. S., et al. (2010). Putting brain training to the test. Nature 465, 775–778. doi: 10.1038/nature09042 

 Palan, S., and Schitter, C. (2018). Prolific.Ac—a subject pool for online experiments. J. Behav. Exp. Financ. 17, 22–27. doi: 10.1016/j.jbef.2017.12.004

 Piaget, J. (1952). The origins of intelligence in children. New York: W W Norton & Co doi: 10.1037/11494-000.

 Poushter, J. (2016). Smartphone ownership and internet usage continues to climb in emerging economies. Pew Research Center. 22, 1–44.

 Rabipour, S., and Raz, A. (2012). Training the brain: fact and fad in cognitive and behavioral remediation. Brain Cogn. 79, 159–179. doi: 10.1016/j.bandc.2012.02.006 

 Ragni, M., and Knauff, M. (2013). A theory and a computational model of spatial reasoning with preferred mental models. Psychol. Rev. 120, 561–588. doi: 10.1037/a0032460 

 Redick, T. S., Shipstead, Z., Harrison, T. L., Hicks, K. L., Fried, D. E., Hambrick, D. Z., et al. (2013). No evidence of intelligence improvement after working memory training: a randomized, placebo-controlled study. J. Exp. Psychol. Gen. 142, 359–379. doi: 10.1037/a0029082 

 Roberts, M. J. (2000). Strategies in relational inference. Think. Reason 6, 1–26. doi: 10.1080/135467800393902

 Ruff, C. C., Knauff, M., Fangmeier, T., and Spreer, J. (2003). Reasoning and working memory: common and distinct neuronal processes. Neuropsychologia 41, 1241–1253. doi: 10.1016/S0028-3932(03)00016-2 

 Sala, G., and Gobet, F. (2019). Cognitive training does not enhance general cognition. Trends Cogn. Sci. 23, 9–20. doi: 10.1016/j.tics.2018.10.004

 Sanchez, C. A. (2012). Enhancing visuospatial performance through video game training to increase learning in visuospatial science domains. Psychon. Bull. Rev. 19, 58–65. doi: 10.3758/s13423-011-0177-7 

 Schaeken, W., Breugelmans, V., and Janssens, L. (2014). “Spatial reasoning: the effect of training for adults and children” in Proceedings of the Annual Meeting of the Cognitive Science Society, Vol. 36 (Quebec City, QC).

 Schubert, T., Strobach, T., and Karbach, J. (2014). New directions in cognitive training: on methods, transfer, and application. Psychol. Res. 78, 749–755. doi: 10.1007/s00426-014-0619-8 

 Shipstead, Z., Hicks, K. L., and Engle, R. W. (2012a). Cogmed working memory training: does the evidence support the claims? J. Appl. Res. Mem. Cogn. 1, 185–193. doi: 10.1016/j.jarmac.2012.06.003

 Shipstead, Z., Redick, T. S., and Engle, R. W. (2012b). Is working memory training effective? Psychol. Bull. 138, 628–654. doi: 10.1037/a0027473

 Simons, D. J., Boot, W. R., Charness, N., Gathercole, S. E., Chabris, C. F., Hambrick, D. Z., et al. (2016). Do “brain-training” programs work? Psychol. Sci. Public Interes. 17, 103–186. doi: 10.1177/1529100616661983 

 Taatgen, N. A. (2021). “Theoretical models of training and transfer effects” in Cognitive training (Cham: Springer International Publishing), 41–54. doi: 10.1007/978-3-030-39292-5_4

 Tversky, B. (1991). Spatial mental models Psychol. Learn. Motiv. 27, 109–145. doi: 10.1016/S0079-7421(08)60122-X

 Uttal, D. H., Meadow, N. G., Tipton, E., Hand, L. L., Alden, A. R., Warren, C., et al. (2013a). The malleability of spatial skills: a meta-analysis of training studies. Psychol. Bull. 139, 352–402. doi: 10.1037/a0028446 

 Uttal, D. H., Miller, D. I., and Newcombe, N. S. (2013b). Exploring and enhancing spatial thinking: links to achievement in science, technology, engineering, and mathematics? Curr. Dir. Psychol. Sci. 22, 367–373. doi: 10.1177/0963721413484756

 Verzani, J. (2014). Using R for Introductory Statistics. 2nd Edn. London, England: Chapman and Hall/CRC. doi: 10.1201/9781315373089.

 Wai, J., Lubinski, D., and Benbow, C. P. (2009). Spatial ability for STEM domains: aligning over 50 years of cumulative psychological knowledge solidifies its importance. J. Educ. Psychol. 101, 817–835. doi: 10.1037/a0016127

 Waldmann, M. R., and Hagmayer, Y. (2013). “Causal reasoning,” in The Oxford Handbook of Cognitive Psychology. ed. D. Reisberg (Oxford, England: Oxford University Press). 733–752. doi: 10.1093/oxfordhb/9780195376746.013.0046.

 Waltz, J. A., Knowlton, B. J., Holyoak, K. J., Boone, K. B., Mishkin, F. S., de Menezes Santos, M., et al. (1999). A system for relational reasoning in human prefrontal cortex. Psychol. Sci. 10, 119–125. doi: 10.1111/1467-9280.00118

 Waschl, N. A., Nettelbeck, T., and Burns, N. R. (2017). The role of visuospatial ability in the Raven’s progressive matrices. J. Individ. Differ. 38, 241–255. doi: 10.1027/1614-0001/a000241

 Wethington, E., and Dunifon, R. E. (2012). Research for the public good: Applying the methods of translational research to improve human health and well-being. Washington: American Psychological Association doi: 10.1037/13744-000.

 Wickens, C. D., Hutchins, S., Carolan, T., and Cumming, J. (2013). Effectiveness of part-task training and increasing-difficulty training strategies. Hum. Factors J. Hum. Factors Ergon. Soc. 55, 461–470. doi: 10.1177/0018720812451994 

 Willis, S. L., Tennstedt, S. L., Marsiske, M., Ball, K., Elias, J., Koepke, K. M., et al. (2006). Long-term effects of cognitive training on everyday functional outcomes in older adults. JAMA 296, 2805–2814. doi: 10.1001/jama.296.23.2805 

 Xu, C., and LeFevre, J.-A. (2016). Training young children on sequential relations among numbers and spatial decomposition: differential transfer to number line and mental transformation tasks. Dev. Psychol. 52, 854–866. doi: 10.1037/dev0000124 



OPS/xhtml/Nav.xhtml




Contents





		Cover



		The Mental Models Training App: Enhancing verbal reasoning through a cognitive training mobile application



		1. Introduction



		2. Materials and methods



		2.1. Participants



		2.2. Study design and procedure



		2.3. Verbal deductive reasoning



		2.4. Experimental conditions



		2.4.1. Condition 0: Passive control group—no intervention



		2.4.2. Similarity across all conditions (excluding Condition 0)



		2.4.3. Condition 1: Active control group—adaptive practice



		2.4.4. Condition 2: Active control group—adaptive practice with spatial alphabetization tool



		2.4.5. Condition 3: Experimental group—the Mental Models Training App









		2.5. Analytic strategy









		3. Results



		3.1. Descriptive statistics for pretest variables



		3.2. Effects of training conditions on reasoning performance



		3.3. Within-training differences between conditions



		3.4. Exploratory analyses









		4. Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Footnotes



		References



















OPS/images/fpsyg-14-1150210-t004.jpg
Condition One-way ANOVA

Total Training Time (minutes) Mean 2193 3843 3755 27.61 <0.001
D 1202 1579 14.19

Total number of problems completed in Mean 4641 46.96 a2 217 012

training
D 1729 18.05 1454

Level 1 number of problems Mean 951 9.69 897 0.65 052
D 573 425 331

Level 2 number of problems Mean 1128 12.87 1227 109 0.34
D 626 655 641

Level 3 number of problems Mean 1221 1107 8.47 998 <0.001
D 656 596 341

Level 4 number of problems Mean 1341 1333 1243 217 0.12
D 558 773 792

Condition 1, adaptive practice; Condition 2, alphabetize spatial tool; Condition 3, mental moels training. Condition 0 (no intervention) was not included in this table because participants in
that condition did not complete any form of app training. Bold values indicate significant effects (p < 0.05).
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Dimension]
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Timepoint
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Timepoint

Random effects

o 26994
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icc 031

Nip 301

Observations 27,563

Marginal R/ 0.099/0375

Conditional R*

Condition 1, adaptive practice; Condition 2, alphabetize spatial tool; Condition 3, mental
models training. Condition 0 (no intervention) was the reference level n this model. The
fllowing variables were dummy coded. Relation Type: spatal vs. non-spatial; Premises: two
premise vs.three premise; Dimensions: one-dimension relations vs. two-dimension
relations; Solution: False v Indeterminate and False vs. True; Gender: 0, female; 1, male.
Bold values indicate significant effects (p < 0.05).
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Condition 0, no intervention; Condition 1, adaptive practice; Condition 2, alphabetize spatial tool; Condition 3, mental models training.
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Condition 1, adaptive practice; Condition 2, alphabetize spatial tool; Condition 3, mental
models training. Condition 0 (no intervention) was the reference level n this model: The
following variables were dummy coded. Relation Type: spatial vs. non-spatal; Premises: two
premise vs. three premise; Dimensions: one-dimension relations vs. two-dimension
relations; Solution: False vs. Indeterminate and False vs. True; Gender: 0, female; 1, male.
Bold values indicate significant effects (p < 0.05).
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