
4

B. Veenstra¹, M.E. Timmerman², P.L.C. van Geert¹, B.F. van der Meulen³

¹ Department of Developmental Psychology, University of Groningen
² Department of Psychometrics & Statistics, University of Groningen

³ Department of Special Needs, Education and Child Care, University of Groningen

Effects of educational computer games 
focusing on improving learning behavior: 

The impact of individual differences 
on benefi ts for preschoolers



Chapter 4

58

Abstract
This research focuses on the effectiveness of an educational game on improving ineffective learning 
behavior of different types of preschool children. Developmental age, maternal educational level, 
prior knowledge, and regular learning type of each child were assessed, since these constructs 
were considered to be risk or protective factors for later learning delays. Further, different types 
of instruction (adult and/ or computer-assisted) were involved. All children (n = 184) played the 
educational computer game during two or three sessions, with or without adult- and/ or computer-
assisted instruction. Mouse behavior, i.e., the number of errors and reaction times of each individual 
child was registered per game. With multilevel latent class growth analysis, we identified six types of 
learners, based on their game-related behavior, as present in seven mouse behavior characteristics. 
70% of the learners showed benefits during playing the games, i.e. decreasing number of errors 
and clicks. However, 30% of the learners showed increasingly uninhibited behavior. Children with 
low developmental age, low prior knowledge, or adult-assisted children, had a high probability of 
being classified as slow learners, but showed improvement in their learning behavior across games. 
Moreover, prior knowledge was the best predictor for the different types of learners, although for 
children with moderate prior knowledge, instruction type was also relevant. The results support 
the conclusion that children (at risk) have a high probability of showing benefits in their ineffective 
learning behavior during playing this educational computer game. However, more adapted 
games, with more variation, adult-assisted instruction and challenge would also benefit children 
with uninhibited behavior.

To be submitted.
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Ineffectively learning preschool children, who show impairments in their learning-to-learn 
skills, are at risk of developmental delays. Examples of components of learning-to-learn skills 
are inhibition, planning and monitoring (Flavell, 1985; Flavell, Miller & Miller 2002; Brown, 
1987). Multiple studies have demonstrated that effective learning behavior is relevant 
for learning outcomes and academic achievement (Perels, Merget-Kullmann, Wende, 
Schmnitz & Buchbinder, 2009; Spira, Bracken & Fischel, 2005; Perels, Gürtler & Schmitz, 
2005; Veenman & Spaans, 2005; Veenman, Wilhelm & Beishuizen, 2004). Even at preschool 
age, effective learning-to-learn skills, also called meta-cognitive skills, are important (Flavell 
et al., 2002). Diamond, Barnett, Thomas & Munro (2007) and Thorell, Lindqvist, Bergman 
Nutley, Bohlin & Klingberg (2009) demonstrated that early interventions aimed to improve 
components of learning-to-learn skills in preschool can be effective. Therefore, they 
advocate that interventions focused on improving learning behavior (such as learning to 
inhibit prepotent responses) should already take place at preschool age in order to reduce 
later problems at schools. However, (preschool) education in the Netherlands is currently 
primarily focusing on developing declarative knowledge, such as reading or counting. 
The focus in preschool education should be more on teaching children how to learn, and 
interventions aimed at helping children with poor learning-to-learn skills should become an 
integral part of the school curriculum (Flavell et al., 2002).
 It is not necessary to make large investments to implement learning-to-learn 
interventions in preschool education. One example of such a relatively easy to implement 
intervention, is an educational computer game aimed at improving specific learning-
to-learn skills. Although computer games have many advantages, such as saving time 
for preschool teachers and the possibility to provide immediate and adaptive feedback, 
questions arise concerning the effectiveness of educational computer games for different 
types of children. Examples of such questions are: what are the benefits obtained from 
educational computer games focused on improving learning behavior for children without 
developmental impairments? Do educational computer games indeed facilitate learning 
processes of children at risk? For what type of children are educational computer games 
efficient or not? These three questions are difficult to answer, since children differ in multiple 
individual characteristics, even at preschool age. As a consequence of these differences, 
the effectiveness of (computer-assisted) instruction shows a high variability (Ford & Chen, 
2000; Grimley, 2007; Wise, Ring & Olson, 2000). Although meta-analyses demonstrate 
that computer tasks often result in relatively high learning outcomes compared to more 
traditional tasks (paper and pencil tasks) (Veenstra, Van Geert & Van der Meulen, 2010), 
the question still remains whether educational games positively affect children who already 
show impairments in their development or are at risk of developing problems with learning-
to-learn skills, e.g. children from low socioeconomic status families, with low developmental 
age or low prior knowledge.
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 This paper explores the differences in benefits of educational computer games, related 
to individual differences in preschool children. The main question in this study is whether 
educational games focused on improving learning behavior indeed facilitate learning 
processes and specific skills in children who really need it. Characteristics of these children 
are low developmental age, low prior knowledge, low educated mothers, and regular 
exhibition of ineffective learning behavior (Rutter et al., 2008). Therefore, in our study, we 
focus on the constructs maternal educational level (e.g. Abubakar, Holding, Van de Vijver, 
Newton, Van Baar, 2010; Sonnander & Claesson, 1999; Hoff, 2002), prior knowledge (Segers 
& Verhoeven, 2002), developmental age/ intelligence (e.g. Polderman, De Geus, Hoekstra, 
Bartels, Van Leeuwen, Verhulst, Posthuma, & Boomsma, 2009; Polderman, Gosso, 
Posthuma, van Beijsterveldt, Heutink & Verhulst, 2006; Polderman, Stins, Posthuma, Gosso, 
Verhulst & Boomsma, 2006) and (in)effective learning behavior, such as executive functions 
(Diamond et al., 2007; Thorell et al., 2009). Further, we focus on a task-specific construct, 
namely instruction type (Veenstra et al., 2010) as a predictor for learning trajectories. These 
constructs are considered to be risk-factors for developmental delays and the degree of 
benefiting from instruction or interventions (Grimley, 2007; Rutter et al., 2008). Therefore, in 
this study, we considered these constructs as predictors for individual learning trajectories.

1.1 Effectiveness of educational computer tasks on typically developing children
Technology offers a great variety of instructional tools for students of widely different ages. 
Tools aimed at the youngest group of learners, on the other hand, are far less abundant. As a 
consequence, studies in preschool children are relatively scarce and concern small samples 
(Vernadakis, Avgerinos, Tsitskari & Zachopoulou, 2005). Nevertheless, the majority of 
studies, which are mostly focused on reading or literacy skills, have shown that computer-
assisted instruction is particularly well suited for providing supplementary instruction (Drake, 
2001). Kulik (1994) demonstrated a positive effect of integrating computers in the learning 
process, in preschool as well as in higher education. Computer-assisted instruction has been 
found more effective than traditional instruction (e.g. from a teacher) for promoting the 
academic achievement of students (mostly between six and eighteen years) on different 
educational levels.
 Four meta-analyses demonstrated the effectiveness of educational computer tasks. 
Firstly, Liao (2007) confirmed this finding in 52 studies in Taiwan, and similar conclusions 
were drawn in a second, older meta-study from Kulik, Kulik & Bangert-Drowns (1985) in the 
USA, and thirdly, in a more recent meta-analysis of 78 studies from Camnalbur & Erdogan 
(2008) in Turkey. Lastly, Fletcher-Flinn & Gravatt (1995) found in their meta-analysis of 120 
studies that computer-assisted instruction was more effective than traditional instruction. 
The studies concerned mathematics, science, art, reading, or writing. They reported the 
highest effects for preschool children and positive outcomes for special education and 
elementary students. However, individual characteristics of students that might contribute 
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to positive outcomes were not examined in these studies, such as the child’s developmental 
age or level of prior knowledge.
 Based on the studies we described in this section, we can conclude that the use of 
adequate educational computer games has a positive influence on achievements of typically 
developing (TD) preschoolers.

1.2 The impact of individual differences on effectiveness of educational computer 
games 
The majority of studies which examined the effect of individual characteristics on learning 
trajectories, concerned reading skills (e.g. Verhallen & Bus, 2010; Blok, Oostdam, Otter & 
Overmaat, 2002; Macaruso, Hook & McCabe, 2006; MacArthur, Ferretti, Okolo & Cavalier, 
2001; Mioduser, Tur-Kaspa & Leitner, 2000). Although these researchers found positive 
effects for at-risk children, the comparability of the effects is hampered by the fact that the 
definition of ‘at-risk’ differed in the studies, from learners belonging to low-income families 
to low performing learners. In a meta-analysis in which 15 studies were involved, Thomas 
(1999) found that in the majority of studies, academic achievement of at-risk elementary 
students was positively affected by computer-assisted instruction. A study of Wise, Ring 
& Olson (2000) demonstrated that low level readers who followed a computer-assisted 
remedial reading program benefited more from the program than high level readers.
 Concerning improving learning behavior of children, the literature demonstrates that 
computer tasks are able to increase attention or on-task behavior (Mautone, DuPaul & 
Jitendra, 2005; Ota & DuPaul, 2002). These studies concerned mathematics skills in children 
with formally diagnosed disorders, namely Attention-Deficit Hyperactivity Disorder 
(ADHD).
 A few studies have shown that individual differences between students influence 
the benefits of multimedia materials (e.g. Grimley, 2007; Ford & Chen, 2000). Literature 
regarding the effect of prior knowledge is not unequivocal. For example, Najjar (1996) 
demonstrated that children with low prior knowledge profited more from educational 
computer games than children with high prior knowledge. On the contrary, Segers & 
Verhoeven (2002) found that preschool children scoring high on a pretest and who received 
computer-assisted instruction (CAI) of literacy skills learned more from the training than the 
low scoring children.
 Although these studies seem to confirm that not only typically developing children 
can benefit from computers, it is still not clear what specific characteristics are the best 
predictors for the effect of educational computer games focused on improving learning-to-
learn skills.
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1.3 Effectiveness of different types of instruction
As we concluded in the previous sections, educational computer games can work as an 
adequate instruction tool for both TD children and for children at-risk. However, it should 
be taken into account that instructional design also affects learning outcomes (Veenstra, Van 
Geert & Van der Meulen, 2010; 2011. A main characteristic of effective instruction is that 
it should scaffold individual learning processes. First, it must suit the cognitive ability of the 
individual child and secondly, it must be adaptive to the (in)correct responses and behavior 
of the child (Vygotsky, 1978; Van Geert & Steenbeek, 2006). Third, effective instruction 
should include positive, step-wise feedback to the learner, which increases the learner’s 
motivation (Corbolan, Paas & Cuypers, 2010; Corpus, 2007).
 Although both computer-assisted instruction (CAI) and adult-assisted instruction (AAI) 
can function as adequate instruction types, there are differences in the effects on different 
types of children. Our previous research indicates that impulsive children showed the best 
learning outcomes in case of adult-assisted instruction, while unresponsive children, who are 
defined as children who show relatively passive behavior, showed better learning outcomes 
during computer assisted instruction only. Furthermore, this study has demonstrated that 
computer-assisted instruction in combination with adult-assisted instruction is the best 
combination for preschool children (Veenstra et al., 2010). Therefore, it should be taken 
into account that, irrespective of whether specific instruction contains elements of effective 
instruction, similar instruction can have different effects on different types of children.

1.4 Background and aims of this study
As we already mentioned, most studies that take individual differences in preschool children 
into account, were focused on reading or literacy skills. Effective learning behavior is a 
crucial condition for optimal learning of specific skills, such as reading (Flavell et al., 2002). 
Young children who show impairments in their learning behavior, such as children who 
often have problems with inhibiting responses or regulating their behavior, are at risk of 
developmental delays (Diamond et al., 2007). Given the fact that computers are becoming 
more widely available in preschool education, it is likely that computer games focused on 
improving learning behavior will be more easily implemented than other interventions that 
require professional time from the preschool-teachers (DuPaul & Eckert, 1998; Mautone et 
al., 2005).
 Therefore, in this study we will examine the effectiveness of an educational game on 
learning behavior of different types of preschool children. With this educational computer 
game, various mouse behavior characteristics can be measured within and across game 
sessions, for instance the number of correct and incorrect mouse clicks, the clicking moments 
(during or after instruction), the number of trials, distance and duration of movements. With 
these measurements, more insight can be obtained into learning processes of individual 
children. Specifically, we addressed two main questions:
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 1.  Is it possible to identify different learning trajectories, i.e. different types of performers, 
based on the learners’ game-related behavior? Game-related behavior is defined by 
different mouse behavior characteristics shown across repeatedly playing the games.  

     •  If yes, what are the differences and similarities in the mouse behavior between the 
different types of learners?

 2.  Are there types of learners who show improvement in their learning behavior across 
the educational computer games?

     •  If yes, which learner characteristics are associated with the improvement? Thus, what 
type of child (e.g. children ‘at risk’: low developmental age, low maternal educational 
level, low prior knowledge) does benefit from the educational games?

 All children in our research played the educational computer games focused on 
improving learning behavior on www.samenslim.nl (see section 2.3). To achieve the study 
objectives, we used the following data analytic strategy. First, we used a multilevel latent 
class growth analysis to identify classes of mouse behavior learning trajectories. Second, 
we examined with a Chi-Squared Automatic Interaction Detection (CHAID) analysis the 
predictive value to what extent certain individual characteristics could predict the classes 
of learning trajectories. In this way, we obtained insight in the variation of groups with the 
same learning behavior profiles. In addition, it enabled us to analyze which type of children 
actually show benefits while playing this educational computer game. 

2 Method

2.1 Participants
A total of 184 children, 86 boys and 98 girls, from preschool education in the northern area 
of The Netherlands participated in this study (see Table 1), after approval of their caregivers. 
None of the participants had received information on the aim of the game.

Table 1: Descriptive information of individual characteristics
 Variables n Possible Actual Mean Standard Missing
   range range (M) Deviation   
   (accepted by     (SD)
   the game)
 Age (months) 173 30-50 31.2-49.9    41.9    4.02 11
 Maternal 170 1-8 2-8       5.96    1.53 14
 educational level
 Developmental 172 0-150 68-149  113.55 17.29 12
 age
 Prior knowledge  181 0-12 5-12    10.65    1.59 3
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2.2 Procedure
Before the educational computer game (www.samenslim.nl) started, mouse-skills were 
practiced with a trained supervisor until the child was able to control the mouse. Next, each 
child played two or three computer game sessions (dependent on their performances) 
during two or three weeks in a quiet room at the playgroup. A decision model, based on 
predefined decision rules in the software, was made for research purposes to determine 
whether a child can progress to a higher level or has to go back to a lower level. Every child 
starts at the lowest level (one) and, depending on how well he or she plays, reaches the 
highest level (45) sooner or later. 
 The children were randomly assigned to four instruction conditions (adult- (AAI), 
computer- (CAI), adult- + computer- assisted instruction (CAI + AAI) or no instruction), 
based on their type of regular learning behavior. In case of no adult-assisted instruction (thus, 
in the CAI or no-instruction condition), a supervisor was present only for technical help 
like starting and ending the game. In the adult-assisted (AAI or CAI + AAI) condition, the 
trained supervisor assisted the child if necessary, but only with adaptive hints or stimulating 
instructions, (e.g. “you first have to move, then you must click on the object”). After 
completing a maximum of seven computer games during one session, the child returned to 
the classroom.

2.3 Instruments
Learning behavior during computer game
Individual mouse-data of each game were collected automatically while the children 
were playing on www.samenslim.nl. This resulted in a continuous measurement of the 
children’s level of knowledge and skills. 
 The samenslim game (www.samenslim.nl) consists of 45 games with five concept 
levels (with increasing difficulty of requested object names). Each concept level consists of 
nine games and differs in three different settings (park, farm and living room) which increase 
in complexity as well, namely in an increasing number of in-game objects and an increasing 
number of thinking steps, that is, colors and objects are first requested separately, and next, 
in combination.
 In the samenslim game of hide and seek, two children play the leads: Sim and Sanne. The 
child playing the game is supposed to help Sim to find Sanne by clicking on objects behind 
which Sanne could be hiding. If the child clicks on a wrong object, only shifts the mouse or 
does nothing at all with the mouse, he or she is given adaptive computer-assisted instruction 
(only in the CAI- or CAI + AAI- condition) from a friendly bear in the program, focused 
on the ineffective learning behavior. In the AAI- and no instruction conditions, no adaptive 
computer-assisted instruction was provided.
 Seven characteristics, which are specifically related to different types of (in)effective 
learning behavior, were selected from the automatically registered mouse behavior data. 
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 1.  Reaction time: the average time in seconds between the end of the in-game 
instruction or sound and the first click (irrespective of whether this click is correct or 
incorrect) (range 0 - 15).

 2.  Trials: total number of trials that a child needed to finish a game (range 1 - 4).
 3.  Levels: the level of each individual game (range 1 - 45).
 4.  Errors: total number of clicks per game on a wrong object, as defined by the task 

construction (range 0 - 8).
 5.  Clicks: total number of clicks per game (whether the clicks were correct or incorrect) 

(range 0 - ∞).
 6.  No go: total number of clicks during instruction moments (range 0 - ∞).
 7.  Missing go: total number of no clicks during the clicking moments (range 0 - 4).

The clicks during instruction (No Go trial – inhibition of response) and the no clicks during 
clicking moments (Missing to Go – initiating a response) can be compared to actions 
requested from children in a Go/ No go Response Inhibition task, which has been widely 
used in ADHD research.

Developmental age
The total level of four developmental domains (Language Comprehension, Language 
Production, Visual Reception and Fine Motor Skills) of each child was measured with the 
Dutch version of the Mullen Scales of Early Learning (MSEL). The Standard Composite 
Scores were obtained from the American version of the MSEL (AGS Edition; Mullen, 1995).

Regular learning behavior type
Prior to the main part of the study, preschool-teachers, parents and a trained rater received 
a questionnaire to determine the type of regular learning behavior of the individual children 
(see Appendix III). The questionnaire consisted of descriptions of behavior of typical 
unresponsive, reflective and impulsive children. The raters had to categorize each individual 
child into the best fitting category according to their regular learning behavior. 96% of the 
184 participating children were rated consistently between at least two raters (p < .01). The 
remaining 4% of the children were rated by the trained rater only (Veenstra et al., 2010). 

Instruction condition
The children were randomly assigned to of one of the four instruction conditions (adult- 
(AAI, n = 47), computer- (CAI, n = 40), adult- + computer- assisted instruction (CAI + AAI, 
n = 58) or no instruction (n = 39), with about equal numbers of each learning type 
(unresponsive, impulsive or reflective) per instruction condition.
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Maternal educational level
Maternal education was measured on a scale for maternal educational level, categorized 
from no education (1) to university (8).

Prior knowledge
Knowledge of concepts and colors was measured with two ad hoc tests, which were 
specifically developed for the samenslim games. To test the prior knowledge of concepts 
and colors used in the games, similar concepts and colors were assessed. The color test was 
based on an item of the Mullen Scales of Early Learning (item number 27, Mullen (1995)), 
in which the child has to identify colors. In the concept test, the child had to point out the 
requested object, which was mentioned by the supervisor. The child had to distinguish an 
object between three other objects (also from the samenslim games), which were presented 
together. After administering the two tests, total number of correct answers was summed 
up and a mean score was computed.

2.4 Analysis
To answer our first main question, that is to identify types of learners as present in the 
mouse behavior data, we used multilevel latent class growth analysis (MLCGA) (Palardy & 
Vermunt, 2010; Muthén, 2004), which is based on finite mixture modeling. We aimed at 
characterizing learning profiles of the various aspects of the mouse behavior variables, by 
constructing prototypical trajectories of the mouse behavior variables. In this way, a limited 
number of classes is identified, where each class has its own trajectories for each mouse 
behavior characteristic. It is assumed that those classes capture the most important aspects 
of the observed individual trajectories of the seven mouse behavior variables.
 In the MLCGA, we used a log-linear Poisson regression for the variables pertaining to 
frequency variables (trials, error, clicks, no go and missing go), and a linear regression with 
normal error for the reaction time and level. Since we were interested in characterizing the 
initial level and the overall increase (or decrease) in performances, rather than a detailed insight 
into the specific developments across the games, we used a linear regression equation for each 
variable. This implies that each trajectory (of each class and each dependent variable per class) 
was characterized by an intercept and a slope. The intercept indicates the level of performance 
at the first game, whereas the slope indicates the general improvement across games. As the 
level of the first game was 1 for each child, we fixed the intercept in the equation for the variable 
level at 1 for all classes. We determined the number of classes based on statistical indices, the 
interpretability of the classes, and the relative size of the classes so that no class contained less 
than about 4% of the children. As statistical indices, we used the Bayesian Information Criterion 
(BIC) and Akaike Information Criterion (AIC). These are widely accepted indices for latent class 
models (Lanza et al., 2007, BIC appears to perform slightly better than the AIC (Yang, 2006). 
The analyses were performed with Latent Gold 4.5 (Vermunt & Magidson, 2005).
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 To relate the classes identified by the MLCGA to individual characteristics of the children, 
we performed two analyses. First, for each individual characteristic that according to a Chi-
Square test was significantly (using a<0.05) related to the classes, we examined the form 
of the relationship. Second, to identify the most important predictor(s), and their possible 
interaction with the classes, a CHAID (Chi-Squared Automatic Interaction Detection) 
analysis (Magidson, 1993; Magidson & Vermunt, 2005) was performed. A CHAID analysis 
aims at obtaining interpretable subtypes of children that are predictive of the classes. 
Each of the subtypes is defined as a combination of categorical predictors. In the analysis, 
significant predictors are identified, as well as predictor scores that do not differ in their 
prediction of the dependent variable, are merged into a small set of categories. The resulting 
subtypes of children are represented in a so-called tree-diagram, which offers insight into 
the relationships between the classes (i.e., typical trajectories and the predictors (individual 
characteristics, such as developmental age and prior knowledge). We only allowed significant 
predictors (a=0.05) to enter the tree, and allowed for merging scores of the predictors and 
for maximally three levels in the tree.

3 Results

3.1 Multilevel latent class growth analysis
We first performed the MLCGA as described in section 2.5, for 1 to 8 classes. The associated 
information criteria AIC and BIC are presented in Table 2. 

Table 2: Information Criteria to assess model fit for MLCGA models
  1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Class 8 Class
 AIC 86154.1 76811.7 72698.9 70247.9 68852.0 67807.5 67299.4 66872.5
 BIC 86239.8 76971.6 72933.1 70555.7 69235.6 68264.4 67781.1 67408.1
AIC Akaike Information Criterion, BIC Bayesian Information Criterion

As can be seen in Table 2, the AIC clearly, and BIC to a somewhat lesser extent, decreases 
(hence, improves) from one to six classes, and then starts to level off. Moreover, the six-
class model appeared to be the model with the largest number of classes that offers an 
interpretable and useful solution. The smallest class represented 4.4% of the children. 
Therefore, we chose the six-class model, of which the results are shown in Table 4.

3.2 Interpretation of the classes
In order to obtain insight in the specific characteristics of each class, we examined the specific 
mouse behavior trajectories per class, based on the intercepts (which represent the mouse 
behavior during the first game) and the slopes (which represent the degree of improvement 
or impairment across the games). Note that for each variable, the intercepts and slopes of 
each class are in deviation from the overall intercept and slope.
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Table 3: MLCGA Solution for the six-class Model, with intercepts and slopes as compared to the overall 
intercepts and slopes
 Mouse characteristic Class M Intercept SE Intercept M Slope SE Slope
 Reaction time Overall 7.71** 0.19 -0.17** 0.03
  Class 1 -3.59** 0.28 0.02 0.04
  Class 2 -4.69** 0.32 0.15* 0.05
  Class 3 3.84** 0.36 -0.23** 0.06
  Class 4 6.55** 0.45 0.13 0.09
  Class 5 -0.43 0.51 -0.18** 0.08
  Class 6 -1.69* 0.61 0.12 0.09
 Levels Overall  1 0 3.02** 0.03
  Class 1 1 0 1.36** 0.04
  Class 2 1 0 0.95** 0.05
  Class 3 1 0 -0.69** 0.05
  Class 4 1 0 -1.88** 0.08
  Class 5 1 0 0.46** 0.08
  Class 6 1 0 -0.20* 0.09
 Errors Overall -0.47** 0.10 0.09** 0.02
  Class 1 -0.49** 0.13 -0.04* 0.02
  Class 2 1.12** 0.11 -0.06** 0.02
  Class 3 0.23 0.13 0.00 0.02
  Class 4 -3.00** 0.48 0.16* 0.07
  Class 5 0.69** 0.14 0.02 0.02
  Class 6 1.45** 0.14 -0.09** 0.02
 Number of clicks Overall 0.99** 0.04 0.07** 0.01
  Class 1 -0.18* 0.06 -0.08** 0.01
  Class 2 0.49** 0.05 -0.05** 0.01
  Class 3 0.03 0.06 -0.00 0.01
  Class 4 -2.34** 0.20 0.07* 0.03
  Class 5 0.07 0.07 0.14** 0.01
  Class 6 1.93** 0.06 -0.08** 0.01
 Number of trials Overall 1.02** 0.03 -0.00 0.00
  Class 1 -0.40** 0.05 -0.01 0.01
  Class 2 -0.22** 0.05 0.01 0.01
  Class 3 0.24** 0.05 -0.01 0.01
  Class 4 0.31** 0.06 0.00 0.01
  Class 5 -0.03 0.08 0.01 0.01
  Class 6 0.10 0.09 -0.00 0.01
 No go Overall -0.29** 0.09 0.09** 0.01
  Class 1 -0.33* 0.12 -0.16** 0.02
  Class 2 0.53** 0.11 -0.04* 0.02
  Class 3 -0.38* 0.13 0.02 0.02
  Class 4 -2.79** 0.43 0.10 0.07
  Class 5 0.16 0.13 0.18** 0.02
  Class 6 2.81** 0.10 -0.11** 0.02
 Missing go Overall -0.20** 0.07 -0.07** 0.01
  Class 1 -0.35** 0.10 -0.04* 0.02
  Class 2 -2.13** 0.22 0.08* 0.03
  Class 3 0.84** 0.09 -0.01 0.02
  Class 4 1.50** 0.09 0.06** 0.02
  Class 5 0.52** 0.16 -0.18** 0.04
  Class 6 -0.38 0.21 0.09* 0.03
 * p <.05; ** p <.01; *** p <.001.
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 We start our interpretation by first considering Class 1, representing the majority of the 
children, namely 37.1%. This class is characterized by relatively fast reaction times, a low 
number of errors, clicks, no go’s, missing go’s and trials, and high levels. Therefore, we called 
this class the “accurate performers”, to reflect their adequate learning strategies. Further, the 
estimates of the slopes indicate that their reaction time, number of clicks, trials, no go and 
missing go significantly decreased over time.
 Class 2 represented 23.1% of the children. They showed relatively fast reaction times, 
and high numbers of errors, no go’s and clicks and the fewest missing go’s. Furthermore, the 
children in this class showed decreasing reaction times and trials across games. However, 
they also exhibited an increasing number of errors, clicks, missing go’s and no go’s across 
games. Therefore, we called this class the “fast and high performers”.
 Class 3 (representing 17.4% of the children) is characterized by slow reaction times, an 
average number of errors and clicks, many trials, a low number of no go’s and a relatively 
high number of missing go’s. The results also demonstrated that the slow children showed 
decreasing reaction times and missing go’s, and increasing number of errors and mouse 
clicks over game sessions. We denoted this class as the “slow performers”.
 Class 4 was characterized by children who hardly, or even do not, take action. Therefore, 
we called this class the “unresponsive performers” (representing 11.4% of the children). 
Children in this class showed the longest reaction times, and the lowest levels, number 
of errors and clicks, and the highest number of missing go’s. However, over games, they 
showed an increase in clicks, errors and no go’s and a decrease in missing go’s and reaction 
time.
 Class 5 represented children who showed relatively equal mouse behavior characteristics 
during the first game, as compared to the overall intercept, namely about relatively equal 
reaction times, number of clicks, no go’s and missing go’s. Therefore, we labeled these 
children as the “standard performers” (6.5% of the children). They showed relatively high 
levels, and a high number of errors. The children in this class showed a decrease in missing 
go’s and faster reaction times across the games. Furthermore, the number of clicks, errors 
and no go’s increased over time.
 Class 6 was a relatively small class (4.4%). The children in this class showed about average 
reaction times, trials and missing go. The children in this class showed a decrease in their 
errors, number of clicks and no go’s across the games. On the contrary, their missing go’s 
increased and they showed faster reaction times over time. Since the children in this class 
showed relatively uninhibited behavior in combination with low slopes and a high number 
of trials, we call this class the “fast and low performers”.

3.3 Probability of membership of classes within each subset of characteristics 
To assess whether the six types of learners, as found in the MLCGA, related to individual 
characteristics, we first performed separate chi-square tests. Significant relationships were 
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found between the classes and the individual characteristics developmental age (p < .001), 
prior knowledge (p < .001) and instruction type (p = .039). No significant relationship was 
found for learning type (p = .15) and maternal educational level (p = .84). To interpret 
the significant relationships, we present the probabilities of being classified as a member 
of a specific class, given a specific category of developmental age, prior knowledge, and 
instruction type in Table 4. We will interpret those relationships in the next section.

Table 4: Probability of membership of classes within subsets of characteristics, with distributions of children 
per class and per individual characteristic

   Fast and     Fast and 
  Accurate high  Slow Unresponsive Standard low 
  performers performers performers performers performers performers
 Individual Class 1 Class 2 Class 3  Class 4 Class 5 Class 6
 Characteristic (37.1%) (23.1%) (17.4%) (11.4%)  (6.5%)  (4.4%)
 Developmental age
 Very low (17.4%),    0.19 0.14 0.25 0.23 0.09 0.09
 score 68 - 99
 Low (17.9%),  0.31 0.31 0.30 0.00 0.06 0.03
 score 100 - 109 
 Moderate (19.6%),  0.41 0.33 0.14 0.09 0.03 0.00 
 score 110 - 118 
 High (21.7%),  0.50 0.18 0.10 0.09 0.12 0.00 
 score 119 - 130 
 Very high (16.8%),  0.56 0.28 0.03 0.03 0.03 0.06 
 score 131 - 149 
 Missing (6.5%) 0.25 0.08 0.26 0.24 0.00 0.17 
 Prior knowledge
 Low (16.3%),  0.04 0.15 0.39 0.24 0.06 0.12
 score 5 - 8.5 
 Moderate (21.2%),  0.26 0.36 0.26 0.03 0.08 0.03 
 score 9 - 10.5 
 High (60.8%),  0.51 0.21 8.05 0.11 0.06 0.03 
 score 11 - 12 
 Instruction condition
 Computer + adult 0.45 0.23 0.13 0.02 0.09 0.09 
 (25.5%) 
 Adult (21.7%) 0.44 0.31 0.08 0.10 0.08 0.00
 Computer (31.5%) 0.27 0.17 0.24 0.21 0.05 0.06
 No instruction (21.2%) 0.37 0.26 0.23 0.09 0.06 0.00 
 

Developmental age
The relation between developmental age and class is significant (p < .001). The results in 
Table 4 indicate that children with the highest developmental age have a relatively large 
probability of being classified as a member of the accurate class (56%), and the fast and high 
performer class (28%). They have a very low probability of being classified as slow learners 
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or unresponsive performers (3% and 3%, respectively).
 On the contrary, the more the child is defined ‘at-risk’ (with lowest developmental age), 
the higher is the probability that he is a member of the slow performer class (25%) or the 
unresponsive performer class (23%). Based on the fact that the fast and low performer class 
represent 4.4% of the children, the probability of being classified as a member of this class is 
relatively high for low developmental age children (9%).

Prior knowledge
The relation between prior knowledge and class is significant (p < .001). The probabilities 
within each prior knowledge group indicate that children with low prior knowledge have 
the largest probability of being classified as slow performers (39%), while children with 
moderate prior knowledge have the largest probability of being classified as fast and high 
performers (36%). In contrast, the high prior knowledge children have a relatively high 
probability of being classified as accurate performers (51%).

Instruction type
The results reveal that there is a significant relation between class and instruction type 
(p = .039). Children who received CAI or AAI only have a relatively large probability of 
being classified as accurate learners (45% and 44%, respectively). The CAI children have a 
relatively large probability of being classified as slow or unresponsive learners (25% and 
21%). It is striking that, if children did not receive any instruction at all, they still have a large 
probability of being classified as accurate learners (37%). Furthermore, they also have a large 
probability of being a member of the fast and high performer and slow classes (26% and 
23%, respectively).

3.4 Relationship of predictors with classes
To further investigate the best predictors and their possible interactions for the classes, 
we performed a CHAID analysis. As predictors, we considered developmental age, prior 
knowledge, instruction type, learning type and maternal educational level. The resulting tree, 
which describes the best predictors and their interaction to predict the class membership, 
is presented in Figure 1.
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                   Distribution per class
 
 Class 1 (Accurate)  37.13%   
 Class 2 (Fast and high) 23.19%   
 Class 3 (Slow)  17.40%   
 Class 4 (Unresponsive)  11.41%   
 Class 5 (Fast)  6.52%   
 Class 6 (Slow)  4.35%   
                      n = 184  
     

                   Prior knowledge
 
                              5 - 8,5 +  
                              missing  9 - 10,5 11 - 12
                           values (n = 3)  
Class 1 3.56% 25.74%  50.99%
Class 2 14.61% 35.80%  21.33%
Class 3 39.40% 25.64%  8.05%
Class 4 24.24% 2.56%  10.70%
Class 5 6.06% 7.69%  6.25%
Class 6 12.21% 2.56%  2.68%
                   n = 33                                                  n = 39                                               n = 112
     
  
                      Instruction condition
 
                                           CAI + AAI, CAI or AAI       No instruction 
 Class 1 31.37% 0.00% 
 Class 2 24.88% 85.71% 
 Class 3 31.25% 0.00% 
 Class 4 0.00% 14.29% 
 Class 5 9.38% 0.00% 
 Class 6 3.13% 0.00% 

                        n = 32                                                                    n = 7    
  
Figure 1: Tree-diagram with best predictors and their interaction with classes

 In Figure 1, the top (root node) represents the percentage of children in each class. It can 
be observed that prior knowledge and instruction condition appear to be the best predictors 
of class membership. The merged categories of prior knowledge reveal that a distinction is 
being made between low, medium and high prior knowledge. For the interpretation of the 
relationship of prior knowledge with the classes, we refer to section 3.3.
 The tree reveals that instruction condition is also a main predictor for class membership, 
but only for children with moderate prior knowledge (p = .01). For high prior knowledge 
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children, the instruction condition is almost significant (p = .061). The three instruction 
conditions in which there was given instruction (adult, computer or both) were combined 
within the tree, which indicates that instruction has a large influence in moderate prior 
knowledge children. The most striking result was that 85% of children with moderate prior 
knowledge who did not receive instruction, are classified as fast and high performers, 
although the number of children with moderate prior knowledge who did not receive 
instruction is low (n = 7). Relatively many children with moderate prior knowledge who did 
receive instruction are classified as accurate (31.37%) or slow (31.25%) performers.

4 Discussion

This study investigated the differences in benefits of an educational computer game, related 
to individual differences in preschool children. Overall, the findings suggest that, based on 
mouse behavior trajectories, a meaningful distinction can be made between different types 
of learners. Our analyses identified six distinct learning trajectories, from low and standard 
to high performers, and from slow to fast performers. This study demonstrates the utility 
of multilevel latent class growth analysis (MLCGA) in understanding complex learning 
trajectories. Further, it provides useful insight in the characteristics that predict possible 
gains in learning behavior while playing computer games. To our knowledge, this is the first 
study in which complex learning trajectories have been examined with MLCGA, based on 
time-serial mouse behavior performances.

4.1 Characterizing different types of learners based on mouse behavior 
characteristics
Our findings indicate that, based on mouse behavior performances across game sessions, 
learning trajectories can be clearly distinguished. In our data, six different types of learners 
could be identified: the accurate, the fast and high, the slow, the unresponsive, the standard, 
and the fast and low performers. However, it should be noted that based on the fit indices, no 
model could be identified that was clearly optimal. The more classes were identified in this 
research, the lower, and thus, the better, traditional fit indices were obtained (see Table 3). 
However, with identifying more than six, probably more precise, classes, the interpretation 
of specific types of learners would be difficult and relative sizes of classes would become 
worse. Therefore, based on these data, we concluded that six classes would be the best 
characterization of different types of learners.

4.2 Improvement of learning behavior of different types of learners
Of the six types of learners that we identified in our data, four types of learners (represented 
by 70% of the children) showed improvement in their learning behavior while playing the 
educational computer games. It can therefore be concluded that these types of learners 



Chapter 4

74

showed benefits while playing this educational computer game. That is, these types of 
learners either showed decreasing reaction times across the games, in case of slow reaction 
times during the first game, or they showed a decreasing number of clicks across games 
in case of a high number of clicks during the first game. To interpret the improvement 
within the different classes adequately, it should be taken into account that the definition 
of improvement differed between the classes. For the ‘fast’ classes who exhibited relatively 
fast reaction times, or many errors or clicks during the first game, we defined improvement 
as a decrease in errors, trials, and no go’s. For the ‘slow’ classes who showed a low number of 
clicks and slow reaction times during the first game, we defined improvement as an increase 
in errors and clicks and a decrease in missing go’s, which indicates that they learned to react 
(faster) and learned to show increasingly active behavior over the game sessions.
 The four classes that showed improvement in their learning-to-learn skills, which were 
measured with the slopes of the learning trajectories, were the accurate, the slow, the 
unresponsive, and the fast and low performers. However, the fast and low performers did 
not show such large improvement compared to the other three types of learners. The fast 
and low performers showed a decrease in errors, clicks and no go’s, which was positive, but 
they also exhibited a decrease in reaction time and an increase in missing go’s, which can be 
considered to be negative.
 The results indicated that 70% of the children showed benefits while playing the games, 
which also indicated that almost 30% of the children did not show gains while playing 
the games. The results demonstrated that the standard performers and the fast and high 
performers even showed impairment in their learning behavior over time. An increasing 
number of clicks and no go’s could be observed, which suggests that their uninhibited learning 
behavior increased over time. We suspect this might be caused by relatively low interest 
and decreasing motivation (e.g. too low challenge) or under stimulation (e.g. levels that do 
not correspond to the Zone of Proximal Development (ZPD) of the individual learner), and, 
finally, too low variation in assignments or settings) for these types of performers (Shaw & 
Lewis, 2005; Veenstra et al., 2011; Vygotsky, 1978; Van Geert et al., 2006).
 Further, we can conclude that the type of performers who showed the most effective, 
although not optimal, learning-to-learn skills while playing the first game - the accurate 
performers – constituted the largest class (37%). These performers showed benefits on 
all mouse behavior characteristics across the games, which indicates that a high number 
of children developed increasingly effective learning-to-learn skills. Also the slow and 
unresponsive performer classes, which represented almost 39% of the children, showed 
gains while playing the games, with more uninhibited learning behavior. We can conclude 
that these children showed increasingly effective learning-to-learn skills over time, which 
indicates that these computer games are effective for relatively many children to improve 
ineffective learning behavior.
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4.3 Probability of being classified as a specific learning type
To evaluate what type of child had a large probability of showing benefits while playing 
the educational computer game, analyses were conducted to investigate the relationship 
between individual characteristics and different types of learners. 
 The results demonstrated that developmental age, prior knowledge and instruction 
conditions were significantly related to class. However, the results also clearly indicated that 
there was no one-to-one relationship between the individual characteristics and types of 
learners. This was not surprising, since performances of children are mostly affected by a 
combination of factors. Low developmental age can be a risk factor, while the same child 
also can have high prior knowledge, which can serve as a protective factor (Rutter et al., 
2008).
 Additionally, we expected that a child’s regular type of learning behavior (e.g. impulsive 
or unresponsive) would correspond to the learning trajectories while playing this educational 
computer games. For example, we expected, based on our previous study (Veenstra et al., 
2010), that impulsive children (during their daily behavior) also would show relatively fast 
reaction times or a high number of no go’s, which correspond to learning trajectories of 
the fast classes. Further, we expected that unresponsive children would show slow reaction 
times and a low number of clicks, which corresponds to learning trajectories of slow or 
unresponsive classes. However, the findings in this study indicate that learning type was not 
significantly related to class (p= 0.15), which seems to be contrary to our earlier findings 
(Veenstra et al., 2010). However, in our previous study we did not examine profiles of 
combinations of multiple mouse characteristics, but we examined smoothed averages of 
separate mouse behavior characteristics of different types of learners across games, without 
taking the intra- and inter-individual variability into account. Therefore, the current findings 
do not necessarily contradict the earlier findings.
 We can give two explanations for the non significant finding in this current study. 
First, the results reveal that the classes were mainly predicted by prior knowledge, which 
was assessed by pointing out requested concepts or colors. This is based on the level of 
declarative knowledge, which can be defined as knowledge of facts or content. This indicates 
that the learning trajectory within each class is more related to declarative knowledge of 
requested in-game objects and colors than to problems with knowing how or when to 
act, which we define as ineffective learning behavior. For example, the findings indicate 
that a child who exhibits relatively many errors, really does not know on what object he is 
requested to click, due to his low factual knowledge, instead of showing ineffective learning 
behavior. Second, the finding that learning type and classes were not significant related 
might be caused by low statistical power. Relatively many reflective children (n = 133) and 
relatively few unresponsive (n = 25) and impulsive children (n = 26) were involved.
 Therefore, future research should consist of more subjects, to eliminate the possible 
power problem. A potentially fruitful approach to the problem of classifying types of 
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learners on the basis of performance or mouse variables is supervised learning. The 
technique is comparable to the MLCGA applied in this article, except for the fact that the 
classes (the learning types) are known to the classification algorithm, which tries to find out 
which combinations of mouse variables are good predictors of these classes. A preliminary 
analysis by means of a decision tree procedure suggests that mouse behavior of individual 
children, instead of groups, can be used as a reliable predictor of their learning type.
  Further, the findings indicated that children with a high developmental age and high prior 
knowledge had a high probability of being classified as accurate performers. This implies that 
these children have large probabilities of showing benefits while playing the games, which 
is positive, but the main aim of the games is to positively affect learning behavior of the 
children at risk. The results indicated that children at risk, who have a low developmental age 
or low prior knowledge had a high probability of being classified as slow performers. This 
suggests that if children at risk play these games, they gradually learn to take faster actions 
and show less inhibited behavior, although they do not show such large gains as the accurate 
learners. Furthermore, children with moderate prior knowledge and developmental age had 
a high probability of being classified as fast and high performers. This indicates that these 
children had a high probability of showing no gains while playing these games.
 Concerning the instruction conditions, the children who did not receive adult-assisted 
instruction at all, had the largest probability of being classified as slow or unresponsive 
performers. The children who received adult-assisted instruction, mostly corresponded 
to the class of the accurate performers. This confirms that adult-assisted instruction (in 
combination with computer-assisted instruction) is crucial for developing effective learning-
to-learn skills for showing relatively high performance levels (Veenstra et al., 2010).

4.4 Relationship of characteristics with learning trajectories
To investigate the relationship between the learning trajectories and the individual 
characteristics, a tree-diagram was developed. The findings indicated that prior knowledge 
was the main predictor of specific class assignment. Furthermore, when taking moderate 
prior knowledge into account, instruction condition was also a main predictor for specific 
class membership. These findings were not completely surprising. Prior knowledge was 
measured with tests that were specifically developed for these games: the requested 
objects corresponded with the objects in the games. Such correspondence did not apply to 
developmental age or type of learning behavior. 
 Furthermore, the results indicated that receiving instruction did only affect learning 
behavior of children who have moderate prior knowledge. We suspect that children with 
high prior knowledge did not need instruction, since they already exhibited adequate 
problem solving skills. As a consequence, instruction can not improve their performances as 
much. Low prior knowledge children, on the other hand, also did not learn from instruction, 
perhaps since the level of the games was too difficult. The instruction that was provided did 
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not scaffold their learning behavior, which might be caused by instruction that did not suit 
the cognitive ability of each individual child (Van Geert et al., 2006).

4.5 Strengths, limitations and future research
To our knowledge, this is presumably the first research in which mouse behavior profiles 
have been investigated to predict specific types of learners and predict possible gains of 
specific types of children, based on individual differences. Despite the interesting findings 
and explorations, there are some limitations to note.
 A total number of 184 children participated in this study. Although this is not a small 
sample, to the division into six classes, of which one consisted of 4.4% of the children, 
results in classes comprising only few children (in this particular case). In future research 
more subjects should participate, to make more reliable predictions of the different types of 
learners and to investigate whether regular learning type is really not an adequate predictor 
of classes.
 Additional research is needed to understand how best to affect ineffective learning 
behavior of impulsive high performers, as well as to improve learning behavior of standard 
learners, although the last one represented only a small group in this study. The instruction 
in the current samenslim games was adaptive to the individuals’ responses and behavior. 
However, the instruction was insufficient to positively affect increasing impulsive learning 
behavior over time. We suggest that more (adapted) games, with more variation in settings 
and instruction (within the individual’s ZPD) and with more competition and challenge 
(Veenstra et al., 2011), will also affect more children who show impulsive learning behavior.
 Finally, based on our empirical findings, we predict that more extensive use of educational 
computer games as instructional tool to improve ineffective learning behaviour of children 
at risk in preschool education, might function as a protective factor to reduce later learning 
delays.
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