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Abstract 
Trial-to-trial fluctuations in self-paced performance have long been considered an important aspect 

of an individual’s performance. Whereas average response speed has been considered a cognitive factor 
indexing the speed of mental processing, response speed variability has been considered an energetic 
factor indexing an individual’s capability to sustain mental processes over prolonged time periods. Here 
we investigated whether there is an incremental contribution of response speed variability, compared to 
mental speed, in predicting school achievement. A sample of 89 individuals was tested with the Serial 
Mental Addition and Comparison Task (SMACT) twice within a retest-interval of three days. In addi-
tion to the conventional performance measures speed (MRT) and accuracy (error percentage, EP), we 
evaluated two intraindividual response speed variability measures, standard deviation (SDRT) and coef-
ficient of variation (CVRT), with regard to their power to statistically predict secondary- and high-school 
achievement. In general, school performance was best predicted by MRT and not at all by EP. Response 
speed variability, especially CVRT, appeared to be a good predictor of school performance, especially 
mathematics performance. The combined intake of MRT and CVRT as predictors in a multiple linear 
regression model, however, did not yield additional predictive value compared to the single-predictor 
model that contained only MRT. A further interesting finding was that the performance measures were 
differentially predictive across genders. In sum, we suggest that response speed variability as indexed 
by CVRT is a candidate dimension for the assessment of sustained concentration performance. Before 
applying CVRT in practical assessment settings, however, additional research is required to elucidate 
effects of different task factors (e.g., task length, task complexity, content domain, etc.) on the predic-
tive power of this performance measure. 
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Although several studies have related intellectual ability, personality, and motivational 
variables to school achievement (e.g., Bratko, Chamorro-Premuzic, & Saks, 2006; Di Fabio 
& Busoni, 2007; Rindermann & Neubauer, 2004; Spinath, Spinath, Harlaar, & Plomin, 
2006), very few have investigated concentration despite the fact that the ability to sustain 
and regulate mental focus over extended periods of time is an important prerequisite in al-
most every domain of learning and skill acquisition (cf. Ackerman, 1987). Most educational 
and school psychologists agree that concentration plays a pivotal role in intentional learning 
at school and elsewhere (e.g., Baillargeon, Pascual-Leone, & Roncadin, 1998; Bühner, Man-
gels, Krumm, & Ziegler, 2005; Cattell, Barton, & Dielman, 1972; Chang & Burns, 2005).  

This study is concerned with the use of self-paced choice reaction tasks to predict school 
achievement. Such tasks usually require the speeded categorization of stimuli according to a 
fixed rule (Pieters, 1985). A variety of such tasks has been constructed as so-called concen-
tration tests, which have a long tradition in cognitive-psychometric research and are cur-
rently used by numerous researchers and practitioners all over the world (e.g., Flehmig, 
Steinborn, Langner, & Westhoff, 2007a; Hagemeister, 2007; Pieters, 1985; Smit & Van der 
Ven, 1995; Van Breukelen, 1989; Van Breukelen et al., 1996; Van der Ven, Smit, & Jansen, 
1989; Westhoff & Graubner, 2003). Notably, current research and practice has mainly fo-
cused on conventional measures such as average response speed and error percentage to 
index performance but largely neglected measures of response speed variability. Since in 
doing so some valuable information might be missed (Rabbitt, Osman, Moore, & Stollery, 
2001), a more comprehensive approach would be to extract several competing aspects of task 
performance and relate them to different aspects of school achievement (Van Breukelen et 
al., 1996). Besides the conventional measures speed and accuracy, we here examined 
whether there is an incremental contribution of intraindividual response speed variability to 
statistically predict secondary and high-school achievement, exemplarily using the Serial 
Mental Addition and Comparison Task (Restle, 1970; Steinborn, 2004).  

 
 

Psychometric assessment of sustained concentration 
 
The assessment of elementary cognitive abilities has a long tradition in experimental and 

applied psychology (Moosbrugger & Goldhammer, 2006). Tests of concentration or mental 
speed have been widely used since the beginning of the 20th century (cf. Flehmig, Steinborn, 
Langner, Scholz, & Westhoff, 2007; Van Breukelen et al., 1996; Westhoff & Kluck, 1984, 
for a review). The term “mental speed test” was mainly used in the Anglo-American tradi-
tion of intelligence measurement (Peak & Boring, 1926; Spearman, 1927), whereas the term 
“sustained concentration test” was preferred in the European tradition (Kraepelin, 1902; 
Pauli, 1938). Conventional tests measuring the ability to sustain concentration over pro-
longed time periods are comprised of relatively easy and homogeneous items, which require 
individuals to engage in a speeded self-paced repetitive activity (Moosbrugger & Goldham-
mer, 2006; Westhoff & Kluck, 1984). The most frequently used tasks include continuous 
letter cancellation and mental addition (Smit & Van der Ven, 1995; Van Breukelen et al., 
1996). In order to keep a high level of speed and accuracy over time, individuals must shield 
themselves against competing, task-unrelated thoughts to prevent distraction, which becomes 
more difficult the longer the task (Sanders & Hoogenboom, 1970; Van der Ven et al., 1989).  
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A distinct feature of serial choice response tasks is that performance can be registered by 
various measures for distinct aspects of behavior, including the average speed of responding, 
the accuracy of performance (error percentage) but also the constancy of performance, as 
reflected by measures of response speed variability. Actually, the possibility to extract sev-
eral distinct dependent measures from the same overt behavior is indeed the major advantage 
of concentration tests, which makes them economic and versatile instruments in every kind 
of assessment situation (Pieters, 1985). With this regard, Westhoff and colleagues (e.g., 
Westhoff, 1985; Westhoff & Graubner, 2003; Westhoff & Hagemeister, 1992; Westhoff & 
Kluck, 1984) conducted a long series of studies showing that concentration speed and accu-
racy are largely independent dimensions of performance with differential predictive power in 
both educational and work-related settings (cf. Van Breukelen et al., 1996, for a similar 
view).  

Besides response speed and accuracy, there is a third dimension of performance with po-
tential informational value: response speed variability. These trial-to-trial response speed 
variations in self-paced choice tasks are a well known empirical phenomenon and have been 
extensively discussed since the beginning of the 20th century (cf. Van Breukelen et al., 1996, 
for a review). Kraepelin (1902) who pioneered in investigating the “work curve” phenome-
non already observed that his participants had difficulties to permanently keep a high level of 
response speed during a testing session, but instead showed considerable variations in their 
performance. After conducting a long series of experiments, he concluded that continuous 
performance may not solely be determined by mental processing speed, which he referred to 
as the “quickness of thought”, but also by some kind of mental discipline, which he referred 
to as “will persistence”, a rather non-intellectual ability required to overcome the continuous 
accumulation of resistance against further proceeding with the task. 

Subsequent research was largely influenced by Kraepelin’s work, and the view that self-
paced choice performance is not solely determined by cognitive speed but to a considerable 
degree by an energetic component raised common acceptance by many researchers (e.g., 
Bäumler, 1967; Bills, 1937; Fiske & Rice, 1955; Pauli, 1938; Poffenberger & Tallman, 
1915; Sanders & Hoogenboom, 1970; Weaver, 1942; Yerkes, 1904). Sanders (1998, chap. 9) 
summarized the results of many studies on self-paced performance within the context of his 
cognitive-energetic model, arguing that lowered energetic states (as induced by situational 
variables, e.g., sleep deprivation, etc.) or individual differences in volitional control (referred 
to as the willingness and/or ability to invest mental effort during demanding tasks) often 
affect average response speed only indirectly, via an increase response speed variability. For 
example, it has been shown that individuals with attention-deficit hyperactivity disorder have 
particular problems to volitionally increase effort during mentally demanding tasks (e.g., 
Sanders, 1998, p. 411; Sergeant, 2000). At the behavioral level, ADHD is strongly related to 
response speed variability but not to average response speed (e.g., Castellanos et al., 2005; 
Leth-Steensen, Elbaz, & Douglas, 2000) even when motivation is controlled (Sergeant, 
2000)4. It is thus suggested to use a mean-corrected variability measure, in particular, the 
reaction time coefficient of variation (CVRT) instead of the reaction time standard deviation 
                                                                                                                         
4 Notably, individuals with ADHD are considered average in cognitive ability but to have particular difficul-
ties with continuously energetizing cognition. This is especially observed when performance is to be main-
tained over a relatively long time period and when the task is monotonous and/or repetitive. It should be noted 
at this point that the construct underlying the ability to volitionally increase and maintain an optimal level of 
mental effort during attention and concentration tasks is different from motivation.  
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(SDRT) to index response speed variability (cf. de Zeeuw et al., 2008; Flehmig et al., 2007; 
Sanders, 1998, chap. 9; Segalowitz, Poulsen, & Segalowitz, 1999; Weaver, 1942).  

To account for performance fluctuations in self-paced tasks, formal models have been 
developed that are based on the assumption that the response time distribution of an individ-
ual is composed of a mixture between two operating mental states, a state of preparation and 
a state of non-preparation (Falmagne, 1965; Falmagne & Theios, 1969; Pieters, 1985; Theios 
& Smith, 1972). Importantly, a two-state view of self-paced performance considers response 
speed variability not as resulting from a symmetric variation around the mean of the re-
sponse time distribution but as arising from an asymmetric increase in the proportion of very 
long reaction times. This was first reported by Bills (1931) who identified the occurrence of 
incidental extra-long responses (called “mental blocks”) after periods of normal work speed 
in self-paced color naming. The frequency of blocking increased as a function of task length 
thus resulting in a more skewed (sometimes bimodal) distribution of response times (e.g., 
Bäumler, 1967; Bertelson & Joffe, 1963; Bunce, Warr, & Cochrane, 1993; Weaver, 1942)5.  

Whereas the aforementioned models can account for experimental effects on the average 
individual, models of sustained concentration take the ubiquitous differences between the 
individuals into account (cf. Bäumler, 1967; Jansen & Glas, 2005; Smit & Van der Ven, 
1995; Van Breukelen et al., 1996; Van der Ven, 1998; Van der Ven et al., 1989). The general 
assumption is that any continuously performed mental act that requires a certain amount of 
mental effort actually consists of a sequence of alternating periods of attention (i.e., active 
information processing) and distraction (i.e., task-unrelated processing, due to mental 
blocks). In periods of attention the individual is actually working on the tasks whereas in 
periods of distraction (blocking) the individual is not working on the task. In the context of 
the aforementioned concentration models, mental blocks are involuntary resting pauses that 
arise from a cognitive overload that accumulates during periods of deliberate information 
processing. Because a state of active attentional control is a transient process (Smallwood, 
McSpadden, Luus, & Schooler, 2008; Weissman, Roberts, Visscher, & Woldorff, 2006), 
optimal sustained performance requires a mechanism that stabilizes or reactivates attentional 
control and thus ensures continuous task engagement. This stabilization, termed sustained 
concentration, is considered an active and effortful process of self-regulation (Posner, 
Cohen, Choate, Hockey, & Maylor, 1984; Rothbart, Ellis, Rueda, & Posner, 2003; Tucker & 

                                                                                                                         
5 The mechanism underlying mental blocks is considered different from motivation and cognitive fatigue. At 
the surface level, there are some similarities but the constructs are not equivalent. For example, blocking 
frequency has been shown to decrease when short resting breaks (of 5 to 30 seconds) are given and further can 
be reduced when the interval between subsequent trials (i.e., response-stimulus interval) is optimally choosen 
(Van Breukelen et al., 1996, for a review; Wilkinson, 1990). The finding that accumulated overload dissipates 
quickly during rests is taken as evidence that blocks are different from cognitive fatigue (Sanders & Hoogen-
boom, 1970). Moreover, blocks are largely prevented when a warning signal is given in advance of the im-
perative stimulus in order to establish preparation (i.e., considered a timed state of “peak concentration”, Los 
& Schut, 2008; Posner et al., 1984; Steinborn et al., 2008). The use of a warning signal at the beginning of a 
trial is common practice in research on the relationship between mental speed and intelligence, isolating the 
effects of noise as the remaining source of response speed variability (e.g., Jensen, 1992; Larson & Alderton, 
1990). In addition, this is considered a distinctive feature between concentration tests and mental speed tests. 
Another important fact is that motivational variables (e.g., instruction, incentives, knowledge of results, etc.) 
have only short-term benefits on performance; in prolonged work tasks, however, the major effect of motiva-
tion is on the individual’s speed-accuracy tradeoff (Pailing & Segalowitz, 2004; Wickelgren, 1977, for a 
review).  
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Williamson, 1984), different from mental speed (cf. Pieters & Van der Ven, 1982; Van 
Breukelen, 1989) and thus to be indexed by a relative measure of response speed variability 
(cf. de Zeeuw et al., 2008; Flehmig et al., 2007; Van Breukelen et al., 1996). This study 
therefore examines whether, by including variability measures, the prediction of school 
achievement can be improved over the prediction from conventional measures.  

 
 

Prediction of school achievement 
 
A great body of research has shown that achievement can be predicted from performance 

in general intelligence tests (e.g., Colom, Escorial, Shih, & Privado, 2007; Deary, Strand, 
Smith, & Fernandes, 2007; Krumm, Ziegler, & Bühner, 2008; Laidra, Pullmann, & Allik, 
2007; Luo, Thompson, & Detterman, 2006; Spinath, 2006). In most of the studies, perform-
ance in a variety of standard ability tests is positively related to school achievement, and 
general intelligence is usually observed to be the best predictor of secondary and high-school 
grades (Jensen, 1998, chap. 8, for a review). For example, Spinath et al. (2006) recently 
reported correlations between general intelligence and math grades (r = .49), but also with 
English as foreign language (r = .44). Among the various study courses (i.e., mathematics, 
physics, chemistry, biology, native language, foreign languages, etc.), mathematics grades 
are typically best predicted by standard ability tests, with correlation coefficients from 
around r = .30 to .70 (Jensen, 1998, pp. 277-282; Sherman, 1979). Moreover, a gender-
related predictability effect is often found, showing that females’ school achievement is 
better predicted by ability tests than males’ (e.g., Harackiewicz, Barron, Tauer, & Elliot, 
2002; Robbins et al., 2004; Sherman, 1979). Finally, the observed relationships are stronger 
for early stages of schooling (i.e., elementary and secondary school) than for later ones (i.e., 
high school, university college) – a finding that is often explained as a selection effect 
caused, for example, by school dropouts (Battin-Pearson et al., 2000). Another explanation is 
that high-school/college students can choose/omit a certain part of their courses according to 
their personal interests or abilities (Jensen, 1998, pp. 277-279; Robbins et al., 2004; Schmitt 
et al., 2007).  

Experimental research has isolated the cognitive processes underlying performance in 
specific ability tests and their individual contributions to predicting achievement. Broadly 
speaking, the empirical evidence suggests that working memory capacity and mental speed 
are strong predictors of school achievement (Gathercole, Pickering, Knight, & Stegmann, 
2004; Krumm et al., 2008; Lehto, 1995; Luo et al., 2006; Maybery & Do, 2003). Results 
from experimental studies show that mental speed and executive working memory is in-
volved in tasks that are indicative of school achievement, such as tests of reading compre-
hension and mental arithmetic (Bull & Scerif, 2001; Clair-Thompson & Gathercole, 2006), 
or attention switching (de Jong & das-Smaal, 1995). For example, Rindermann and 
Neubauer (2004) observed positive correlations between mental speed (i.e., Zahlen-
Verbindungstests, ZVT, a German version of the trail-making test) and natural science 
grades (math and physics, r = .31) but also with language grades (r = .30). More recently, 
Luo et al. (2006) showed that the relationship between basic cognitive parameters (simple 
and choice reaction time, short-term memory, etc.) and school achievement (measured via a 
standardized test, the Metropolitan Achievement Test) is rather complex and may depend on 
the particular task and paradigm used; the observed correlations between cognitive perform-



M. B. Steinborn, H. C. Flehmig, K. Westhoff & R. Langner 618 

ance with math achievement ranged from r = .36 to r = .50. It has also been shown that sev-
eral nonintellectual factors are of substantial predictive value, for example, self-discipline 
(Duckworth & Seligman, 2005), motivation and personality variables (Noftle & Robins, 
2007; O'Connor & Paunonen, 2007, for a summary of findings).  

Of special interest for the present study are individual differences in self-paced perform-
ance, in particular, response speed variability. Proceeding from the cognitive-energetic 
model (Sanders, 1998, chap. 9) and the formal models of concentration (Jansen, 2007; Piet-
ers, 1985; Pieters & Van der Ven, 1982; Smit & Van der Ven, 1995; Van Breukelen, 1989; 
Van Breukelen et al., 1996; Van der Ven et al., 1989) that can be viewed as an application of 
the cognitive-energetic model to cognitive-psychometric assessment, individual differences 
in average response speed (i.e., MRT) is considered the best estimate to assess mental speed 
whereas mean-corrected response speed variability (i.e., CVRT) is considered to reflect indi-
vidual differences in distractibility and self-regulatory effort control (cf. de Zeeuw et al., 
2008; Leth-Steensen et al., 2000; Muraven & Baumeister, 2000; Pieters & Van der Ven, 
1982; Robinson, Wilkowski, & Meier, 2006; Sergeant, 2000). Actually, distractible indi-
viduals show poorer performance as schoolchildren (Rabiner, Murray, Schmid, & Malone, 
2004) and reduced efficiency in the workplace as adults (Wallace & Vodanovich, 2003). 
Furthermore, distractibility in real life can produce errors with all kinds of different negative 
consequences (Flehmig, Steinborn, Langner, & Westhoff, 2007b). In tasks of sustained 
concentration, distractible individuals usually differ from nondistractible ones in response 
speed variability but to a much lesser degree in average response speed (Flehmig et al., 
2007a).  

Several studies have examined the criterion validity of tasks that tap sustained concentra-
tion. For example, Westhoff and Graubner (2003) reported correlations between perform-
ance speed and math grades in the Complex Concentration Test (r = .40), the Test d2 of 
Attention (r = .36), and the Konzentrations-Leistungs-Test (r = .24), a test of continuous 
mental arithmetic. More recently, Petrat (2008) examined the utility of a short and a long 
version of the Serial Mental Addition and Comparison Task (SMACT) to predict school 
achievement. Response speed in the SMACT predicted secondary math performance better 
(short version: r = .42; long version: r = .26) than standard predictors such as the test d2 of 
attention (r = .21) and the Wiener Matrices Test (r = .30). Surprisingly, the short (i.e., about 
four minutes lasting) version of the SMACT was a better predictor than the long (i.e., about 
50 minutes lasting) version. In a subsequent study, Osterburg (2008) examined the role of 
task complexity in sustained concentration performance, comparably for an easy and a diffi-
cult version of the SMACT. Secondary math performance was best predicted by the Ad-
vanced Progressive Matrizen Test (r = .31) but also to a considerable degree by response 
speed in the SMACT (easy version: r = .29; difficult version: r = .24). Since these studies 
did not examine the combined predictive power of several performance measures, the results 
raise the question whether response speed variability contributes to the conventional indices 
of performance, speed and accuracy, in predicting school achievement.  
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Research plan 
 
Here we examined the incremental power of two behavioral facets of self-paced continu-

ous performance, response speed and response speed variability, to predict school achieve-
ment. We measured the speed and accuracy at which individuals carry out a concentration 
task and the persistence with which they maintain their work speed; these measures were 
then related to school grades. To this end, the Serial Mental Addition and Comparison Task 
(Restle, 1970; Steinborn, 2004) was used, a self-paced task that requires individuals to en-
gage in continuous mental addition of digit pairs and subsequent comparison of the result 
with another digit value. Average speed in the SMACT has been shown to have a relative 
high g-loading, with correlations ranging from r = .33 to r = .45. Further, SMACT response 
speed predicted school grades to about the same degree as control measures of general intel-
ligence and attention (Osterburg, 2008; Petrat, 2008). Since the construct and criterion valid-
ity of SMACT response speed can be sufficiently determined from previous studies, we here 
considered response speed as control predictor and examined whether there is a validity 
increment in response speed variability to predict school grades. The task is described in 
more detail in the Method section.  

For each individual, we computed four indices of performance, namely average response 
speed (i.e., MRT), error percentage (i.e., EP) absolute response speed variability (i.e., reaction 
time standard deviation, SDRT) and relative (mean-corrected) response speed variability (i.e., 
reaction time coefficient of variation, CVRT). MRT was used as an estimate of processing 
speed and EP to measure an individual’s tendency to keep a certain standard of quality. CVRT 
is used as an estimate of distractibility (de Zeeuw et al., 2008; Segalowitz et al., 1999). We 
expected to predict school grades, in particular math grades, from MRT (Osterburg, 2008; 
Petrat, 2008). In addition, we asked whether CVRT possesses any incremental predictive 
value, besides MRT. In addition, we examined whether there is a differential predictability of 
school achievement across genders. We hypothesized a generally better predictability for 
female participants’ achievement than for male participants’ (Furnham, Chamorro-Premuzic, 
& McDougall, 2002; Keith, 1999; Stetsenko, Little, Gordeeva, Grasshof, & Oettingen, 
2000). Moreover, we speculated that MRT is more powerful in predicting school achievement 
for females whereas CVRT is more powerful in predicting school achievement for males 
(Byrnes, Miller, & Schafer, 1999; Greene, DeBacker, Ravindran, & Krows, 1999; Hyde, 
Fennema, & Lamon, 1990).  

 
 

Method 
 
Participants. Eighty-nine individuals (38 male, 51 female; mean age = 24.5 years, SD 

5.2 years) participated in the study, which took place on two separate dates three days apart. 
Most participants were right-handed (6 left-handed), and all of them had normal or cor-
rected-to-normal vision. The participants were requested to bring their last secondary- or 
high-school report along to the first testing session to provide evidence of their grades, 
which have a range between 1 (excellent) and 6 (insufficient) in Germany.  

Description of the SMACT. The serial mental addition and comparison task (SMACT) 
was administered twice within a retest interval of three days. In each trial, participants were 
presented with an addition term and with a single number, which were spatially separated by 
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a vertical bar (e.g., “4+5 | 10”). Participants were required to solve the addition and then to 
compare the number value of their calculated result with the number value of the presented 
digit. In all trials, the value of the digit was either one point smaller or one point larger than 
the value of the addition term but never of equal value. Participants were instructed to indi-
cate the larger number value by pressing either the left or the right Shift key: when the num-
ber value on the left side was larger (e.g., “2+3 | 4”), they were to respond with the left key, 
and when the number value on the right side was larger (e.g., “5 | 2+4”), they were to re-
spond with the right key. Participants self-paced their responding, since each item in a trial 
was presented until response and was replaced immediately after the response by the next 
item. No feedback was given, neither in case of an erroneous response, nor in case of too 
slow responses. To prevent individuals from building up item-specific stimulus-response  
(S-R) associations, a large set of 148 items was used, with a problem size ranging from 4 to 
19. In an experimental session, each item was presented four times, amounting to a total of 
592 randomly presented trials. The task lasted about 30 min. The construct validity of the 
SMACT has been demonstrated (Flehmig et al., 2007a; Osterburg, 2008; Petrat, 2008; Stein-
born, 2004): correlations have been reported between SMACT response speed and general 
intelligence, measured via the Advanced Progressive Matrices Test and the Wiener Matrizen 
Test (ranging from r = .33 to .45), the Test d2 of Attention (ranging from r = .40 to .58), and 
self-reported everyday life attention, measured via the Cognitive Failures Questionnaire 
(ranging from r = .18 to .30).  

 
 

 
Figure 1 : 

Example of a typical sequence of trials in the Serial Mental Addition and Comparison Task 
(SMACT). Participants have to indicate which side contains the larger numerical value, by 

pressing either the left or the right response key. As characteristic for sustained concentration 
tests, the task is self-paced since the presentation of a stimulus follows immediately after the 

response to the previous stimulus. 
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Procedure. The experiment took place in a noise-shielded room and was run on a stan-
dard IBM-compatible personal computer with color display (19”, 150 Hz frequency), using 
the software package Experimental Runtime System (Behringer, 1987) for stimulus presenta-
tion and response recording. Participants were seated at a distance of about 60 cm in front of 
the computer screen, and the stimuli were presented at the centre of the screen. 

 
 

Results 
 
Preanalysis. Correct responses longer than 100 ms and shorter than two standard devia-

tions above the individual mean were used to compute MRT as a measure of speed. Erroneous 
responses were computed as index of accuracy (error percentage, EP). SDRT and CVRT were 
computed as measures of absolute and relative (i.e., mean-corrected) response speed variabil-
ity. SDRT was computed as the individual standard deviation of response times, and CVRT 
was computed as the individual standard deviation of response times divided by the individ-
ual mean of response times and multiplied by 100 (Guilford, 1956, pp. 78-103). Mean 
scores, standard deviation, and range of scores for both performance measures of the 
SMACT as well as school achievement grades are displayed in Table 1. 

 
 

Table 1: 
Descriptive Statistics for School Achievement and Performance in the Serial Mental Addition and 

Comparison Task (SMACT) 
 

 Secondary School  High School  
 

School Achievement 
M SD  M SD  

1 Average   1.87 0.57  1.70 0.60  
2 Mathematics 2.01 0.74  1.91 0.81  
3 Physics 1.99 0.79  1.94 0.83  
4 Chemistry 2.10 0.76  1.83 0.81  
5 Biology 1.71 0.63  1.64 0.68  
6 Native Language (German) 1.74 0.68  1.78 0.73  
7 Foreign Language (English) 1.86 0.75  1.79 0.79  
 Session 1  Session 2  
 

Performance (SMACT) 
M SD  M SD  

8 MRT 1674 351  1411 297  
9 EP 3.02 2.34  2.42 2.75  
10 SDRT 906 460  683 352  
11 CVRT 47 13  42 13  
Notes: MRT = mean reaction time (in ms); EP = error percentage; SDRT = standard deviation of reaction times; 
CVRT = coefficient of variation of reaction times. 
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Correlational Analysis. Table 2 displays the correlations between the facets of concentra-
tive performance and secondary-school achievement. Response speed (MRT) and response 
speed variability (CVRT) appeared to be substantially related to average school grades and, in 
particular, mathematics and physics grades. However, there were no relationships between 
performance accuracy (EP) and school performance at all. As displayed in Table 2, average 
secondary-school grades were best predicted by MRT (r = .26; retest: r = .25) but also signifi-
cantly by CVRT (r = .27; retest: r = .20). As expected, MRT was observed to be the most pow-
erful predictor of mathematics grades (r = .42; retest: r = .35), however, mathematics grades 
were also predicted by CVRT (r = .31; retest: r = .22), even though to a lesser degree. In sum, 
the results suggest a considerable contribution of response speed variability, besides re-
sponse speed, in predicting secondary-school achievement. 

Table 3 displays the correlations between concentrative performance and high-school 
achievement. As expected, concentration was less powerful in predicting high-school per-
formance compared to secondary-school performance. As displayed in Table 3, average 
high-school grades were solely predicted by MRT (r = .19; retest: r = .18) but not any more 
by CVRT. MRT was again observed to be the most powerful predictor of mathematics grades 
(r = .31; retest: r = .25), whereas CVRT had no power to predict high-school achievement at 
all. These results leave speed as the main predictor for high-school achievement, as is typi-
cally reported in the literature. 

 
 

Table 2: 
Correlations between Secondary-School Achievement and Performance in the Serial Mental 

Addition and Comparison Task (SMACT)  
 

  Secondary-School Achievement SMACT - Session 1 
  Aver Math Phys Ch Bio Ger Eng MRT EP SDRT CVRT 

  1 2 3 4 5 6 7 8 9 10 11 
 1 - .68 .70 .66 .59 .67 .72 .26 -.04 .30 .27 
 2 - - .62 .54 .46 .29 .40 .42 -.05 .39 .31 
 3 - - - .58 .40 .43 .42 .21 .01 .22 .22 
 4 - - - - .33 .41 .41 .15 -.05 .18 .16 
 5 - - - - - .42 .34 .21 -.08 .24 .23 
 6 - - - - - - .64 .04 -.03 .13 .14 
 7 - - - - - - - .21 .02 .21 .20 

Session 8 .25 .35 .18 .14 .20 .04 .23 .96 -.11 .85 .66 
2 9 -.02 -.02 .11 .01 -.08 .02 -.09 -.17 .80 -.06 .00 
 10 .22 .28 .16 .12 .15 .10 .17 .82 -.07 .89 .94 
 11 .20 .22 .17 .12 .13 .11 .14 .62 -.03 .94 .84 

Notes: Courses: average grade, mathematics, physics, chemistry, biology, native language (German), foreign 
language (English); Performance indices: MRT = mean reaction time; EP = error percentage; SDRT = standard 
deviation of reaction times; CVRT = coefficient of variation of reaction times. Test-retest reliability is shown in 
the main diagonal (denoted grey); correlations for the first session are shown above, for the second session 
below the main diagonal. Significant correlations (p < .05) are denoted in bold. 
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Table 3: 
Correlations between High-School Achievement and Performance in the Serial Mental Addition 

and Comparison Task (SMACT) 
 

  High-School Achievement SMACT - Session 1 
  Aver Math Phys Ch Bio Ger Eng MRT EP SDRT CVRT 

  1 2 3 4 5 6 7 8 9 10 11 
 1 - .67 .66 .58 .74 .72 .66 .19 .01 .14 .10 
 2 - - .74 .46 .47 .30 .34 .31 -.05 .14 .04 
 3 - - - .52 .05 .42 .27 -.08 .10 -.16 -.19 
 4 - - - - .34 .44 .19 .16 .02 .27 .26 
 5 - - - - - .53 .57 .08 .13 .13 .17 
 6 - - - - - - .49 .05 -.04 .13 .16 
 7 - - - - - - - .15 .23 .09 .09 

Session 8 .18 .25 -.09 .10 .06 .10 .17 .96 -.11 .85 .66 
2 9 .11 .05 .28 .08 .08 -.03 .21 -.17 .80 -.06 .00 
 10 .08 .06 -.19 .21 .03 .10 .12 .82 -.07 .89 .94 
 11 .03 -.02 -.21 -.21 .03 .10 .10 .62 -.03 .94 .84 

Notes: Courses: average grade, mathematics, physics, chemistry, biology, native language (German), foreign 
language (English); Performance indices: MRT = mean reaction time; EP = error percentage; SDRT = standard 
deviation of reaction times; CVRT = coefficient of variation of reaction times. Test-retest reliability is shown in 
the main diagonal (denoted grey); Correlations for the first session are shown above, for the second session 
below the main diagonal. Significant correlations (p < .05) are denoted in bold.     

 
 
Regression Analysis. To examine the incremental predictive validity of CVRT with regard 

to school achievement, multiple linear regression analyses were performed. The main results 
can be summarized such that the combined intake of MRT and CVRT as predictors in a multi-
ple linear regression model for school performance (separately for average school grades, 
mathematics, physics, etc.) as criterion did not reveal any increased predictive power com-
pared to a single-predictor model (i.e., when MRT or CVRT were separately taken as predic-
tors). This indicates that average speed, as reflected by MRT, remains the most powerful 
factor in predicting school achievement, and distractibility, as reflected by CVRT, does not 
deliver additional information beyond MRT.  

Analysis of Gender Effects. Finally, we analyzed whether performance in the SMACT is 
differentially predictive with regard to gender. A multivariate ANOVA revealed that females 
and males did not differ in their average speed and error percentage [MRT: F < 0.79; EP: F < 
0.03], and did also not differ in average secondary-school performance [F < 2.9] and average 
high-school performance [F < 3.9]. Table 4 and 5 display the correlations between the facets 
of SMACT performance and school achievement, separately for female and male partici-
pants. Since EP appeared not to be useful in predicting school achievement, only the correla-
tions of school grades with MRT and CVRT are displayed.  

When inspecting Table 4 and 5 it becomes apparent that school grades are best predicted 
by MRT and only to a lesser degree by CVRT. Broadly speaking, MRT is a powerful predictor 
in the female group but not (or to a lesser degree) in the male group. To statistically verify  
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Table 4: 
Correlations between Secondary-School Achievement and Performance in the Serial Mental 

Addition and Comparison Task (SMACT), Separately for Female and Male Participants  
 

Gender Session Measures Secondary-School Achievement 
   Aver Math Phys Chem Bio Ger Eng 
Female 1 MRT .41 .55 .37 .16 .30 .18 .16 
  CVRT .37 .29 .32 .17 .34 .25 .14 
 2 MRT .40 .51 .36 .18 .25 .17 .16 
  CVRT .37 .27 .35 .20 .19 .24 .14 
Male  1 MRT .20 .27 .03 .15 .11 -.01 .31 
  CVRT .26 .32 .10 .17 .10 .13 .30 
 2 MRT .16 .20 .00 .11 .15 -.04 .31 
  CVRT .11 .15 -.03 .04 .05 .08 .21 
Notes: MRT = mean reaction time; CVRT = coefficient of variation of reaction times; Courses: average grade, 
mathematics, physics, chemistry, biology, native language (German), foreign language (English). Significant 
correlations (p < .05) are denoted in bold.  

 
 

Table 5: 
Correlations between High-School Achievement and Performance in the Serial Mental Addition 

and Comparison Task (SMACT), separately for Female and Male Participants 
 

Gender Session Measures High-School Achievement 
   Aver Math Phys Chem Bio Ger Eng 
Female 1 MRT .41 .54 .22 .25 .13 .05 .19 
  CVRT .28 .19 -.14 .15 .22 .18 .18 
 2 MRT .36 .46 .20 .13 .10 .06 .19 
  CVRT .15 .12 -.07 .06 .08 .11 .18 
Male 1 MRT .03 .06 -.24 .00 .14 .15 .11 
  CVRT .00 -.10 -.21 .41 .15 .23 -.03 
 2 MRT .04 .01 -.25 .04 .09 .20 .16 
  CVRT -.03 -.15 -.29 .42 .02 .17 -.01 
Notes: MRT = mean reaction time; CVRT = coefficient of variation of reaction times; Courses: average grade, 
mathematics, physics, chemistry, biology, native language (German), foreign language (English). Significant 
correlations (p < .05) are denoted in bold. 

 
 

the interacting influence of gender on the relationship between MRT and school grades, we 
dichotomized MRT across the sample via median split, resulting in a 2 × 2 design, and tested 
the speed (fast group vs. slow group) × gender (female vs. male) interaction effect on aver-
age achievement and math achievement (note that for simplicity, secondary- and high-school 
grades were aggregated). There was a significant speed × gender interaction effect on aver-
age grades [F(1,85) = 4.7, p < .05] and on math grades [F(1,85) = 6.6, p < .05] at the first 
testing session (Figure 2, Panel A and B). The overall pattern of interaction was about simi- 
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Figure 2: 

Interaction between task performance (average speed, MRT) and gender in predicting school 
achievement. For simplicity, secondary and high school average (Panel A, B) and math grades 
(Panel C and D) are aggregated into a single index. Data are separately displayed for the test 

(session 1) and the retest (session 2) session. 
 
 
 
lar in the second testing session (Figure 2, Panel C and D) although there was only a ten-
dency towards significance at retest. Therefore, the statistical analyses support the argument 
that performance in concentration tests might be more predictive for females than for males, 
with regard to school achievement.  

 



M. B. Steinborn, H. C. Flehmig, K. Westhoff & R. Langner 626 

Discussion 
 
We examined whether school achievement can be predicted from self-paced continuous 

performance, using the Serial Mental Addition and Comparison Task (SMACT). In particu-
lar, we examined the question of whether relative response speed variability, as indexed by 
CVRT, contributes to the predictive value usually obtained with measures of average response 
speed, as indexed by MRT. The results can be summarized as follows: (1) We observed a 
substantial relationship between MRT and school achievement, indicating that the faster an 
individual’s work speed, the better the school grades. In particular, MRT appeared to be the 
best predictor of average secondary- and high-school grades, and in addition, mathematics 
and physics grades. (2) Accuracy (error percentage) did not reveal any relationship with 
school achievement. (3) Response speed variability as indexed by CVRT was positively corre-
lated with secondary-school grades (especially mathematics grades), but not with high-
school grades. Individuals exhibiting performance inconsistency in the SMACT were also 
less successful in secondary-school achievement. Notably, the predictive power of CVRT was 
less than that of MRT, leaving processing speed as the principal predictor of school achieve-
ment. (4) The combined intake of MRT and CVRT as predictors in a multiple linear regression 
model predicting school achievement did not reveal any additional predictive power com-
pared to a single-predictor model that only included MRT. (5) The interaction between aver-
age speed (MRT) and gender in predicting school grades indicates that females can be better 
predicted than males (Figure 2).  

The present results are consistent with studies suggesting that elementary cognitive abil-
ity, namely mental speed, is the most powerful predictor of school achievement (Luo, 
Thompson, & Detterman, 2003; Rindermann & Neubauer, 2004; Sheppard & Vernon, 2008). 
The height of correlations observed between MRT and school grades (average grades and 
mathematics) in the present study varied between r = .25 and r = .42, which is in about the 
same range as is typically observed with (larger) intelligence test batteries (e.g., Colom et al., 
2007; de Jong & das-Smaal, 1995; Di Fabio & Busoni, 2007; Furnham et al., 2002). Among 
the study courses that comprise the curriculum in secondary- or high-school, the correlations 
were highest between MRT and mathematics/physics grades, a finding that has been repeat-
edly observed before (e.g., Jensen, 1998, chap. 9; Maybery & Do, 2003; Robbins et al., 
2004; Sherman, 1979).  

The aim of this study was to examine the utility of intraindividual response speed vari-
ability for predicting school achievement. Response speed variability was related to school 
achievement but did not deliver additional information beyond average response speed. This 
may be due to collinearity between MRT and CVRT in the present task (i.e., SMACT). That is 
to say, MRT and CVRT were substantially correlated in the SMACT (r = .66; retest: r = .62), 
indicating that fast individuals were also more constant in their performance, compared to 
slow individuals. This is in contrast to other studies, showing that MRT and CVRT were virtu-
ally independent of each other (e.g., Flehmig et al., 2007; Hayashi, 2000; Segalowitz et al., 
1999; Stuss, Murphy, Binns, & Alexander, 2003). However, the specific relationship be-
tween measures of speed and variability in self-paced tasks is far from resolved, and their 
contribution in predicting school achievement should be subject to further research, espe-
cially with regard to several factors, among them item complexity and task length (e.g., 
Stuss, Meiran, Guzman, Lafleche, & Willmer, 1996; Westhoff & Graubner, 2003), and per-
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haps intertrial item sequential effects (e.g., Jentzsch & Leuthold, 2005; Steinborn, Rolke, 
Bratzke, & Ulrich, 2008).  

Consistent with current research, the relationship between test performance and school 
grades was stronger for secondary- than for high-school grades. This finding is typically 
explained by assuming selection effects that occur in the course of schooling. For example, 
high-school students can choose or omit a certain part of their courses according to their 
personal interests, their self-estimated ability structure, and individual preferences (Jensen, 
1998, pp. 277-282). This kind of selection effects results in a greater homogeneity of stu-
dents in a particular high-school course, for example mathematics or physics, thus reducing 
the predictability of achievement from cognitive performance data. An alternative hypothesis 
is that students develop individual learning styles and specific strategies to cope with several 
difficulties, for example, to establish learning motivation (Carey, 1998; Lehtinen, Vauras, 
Salonen, Olkinuora, & Kinnunen, 1995), or to sustain attention and mental focus over pro-
longed time periods (Ramseier, 2001; Schaefer & McDermott, 1999). The present data fit 
well with studies showing better predictability of school achievement for female than for 
male individuals. These findings support the somewhat speculative explanation that mental 
speed may be sufficient to predict females’ school achievement, but other variables are addi-
tionally beneficial to predict males’ school achievement (e.g., Harackiewicz et al., 2002; 
Keith, 1999; Robbins et al., 2004; Sherman, 1979). 

A limitation of the present study is that the sample size is relatively small and may not be 
representative with regard to the population mean and variance. This, however, may not be a 
serious limitation because the greater homogeneity of our sample may lead to an underesti-
mation of correlative relationships rather than to an overestimation. For that reason, the 
criterion validity of CVRT may be much greater in a population-based sample that also con-
tains individuals with learning disabilities or attention deficits (Sergeant, 2000). A further 
limitation may be that there are no established control predictors (i.e., intelligence) available 
that could be compared with SMACT performance in the present study. Nevertheless, we 
think that this may not affect our research goal which was to examine the incremental valid-
ity of CVRT in predicting school grades. Since construct validity and criterion validity of the 
SMACT can be sufficiently determined, based on previous studies (Osterburg, 2008; Petrat, 
2008; Steinborn, 2004), the alternative measures, in particular CVRT and SDRT, were com-
pared against the conventional measure MRT as control predictor.  

 
 

General conclusion 
 
Using a serial mental addition and comparison task (SMACT), requiring self-paced con-

tinuous choice responding over a period of about 30 minutes, we showed that school 
achievement can be predicted by average response speed. Although intraindividual variabil-
ity did not provide additional predictive information beyond average speed, the present re-
sults do not disqualify the potential usefulness of variability measures in predicting achieve-
ment. Instead, the present findings raise further questions of how to construct self-paced 
speed tests and how to evoke intraindividual variability for purposes of prediction in applied 
testing situations. Indices of variability are especially useful in situations in which energetic 
factors play a crucial role (Sanders, 1998, chap. 9). Although the issue of what exactly is 
reflected in mean-corrected response speed variability is not yet resolved, there is agreement 
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that the consistency of an individual’s performance in self-paced tasks reflects distractibility 
(e.g., Appleton, 1967; Castellanos et al., 2005; de Zeeuw et al., 2008; Pieters & Van der 
Ven, 1982; Smallwood et al., 2008; Smit & Van der Ven, 1995; Van Breukelen et al., 1996; 
Wagenmakers & Brown, 2007). In addition, the ability to shield the cognitive system against 
distraction during an attention-demanding task, and to self-regulate (i.e., to attain and main-
tain an appropriate energetic level) is considered an energetic prerequisite for achieving 
optimal information processing efficiency. 

 
 

References 
 

Ackerman, P. L. (1987). Individual differences in skill learning: An integration of psychometric 
and information processing perspectives. Psychological Bulletin, 102, 3-27. 

Appleton, W. S. (1967). Concentration. The phenomenon and its disruption. Archives of General 
Psychiatry, 16, 373-381. 

Baillargeon, R., Pascual-Leone, J., & Roncadin, C. (1998). Mental-attentional capacity: Does 
cognitive style make a difference? Journal of Experimental Child Psychology, 70, 143-166. 

Battin-Pearson, S., Newcomb, M. D., Abbott, R. D., Hill, K. G., Catalano, R. F., & Hawkins, J. 
D. (2000). Predictors of early high-school dropout: A test of five theories. Journal of Educa-
tional Psychology, 92, 568-582. 

Bäumler, G. (1967). Statistische, experimentelle und theoretische Beiträge zur Frage der Blo- 
ckierung bei fortlaufenden Reaktionstätigkeiten [Statistical, experimental, and theoretical 
contributions on the issue of blockings during self-paced serial respondings]. Unpublished 
Doctoral Thesis, University of Würzburg, Würzburg. 

Behringer, J. (1987). Experimental Runtime System (ERTS). Frankfurt: BeRiSoft Cooperation. 
Bertelson, P., & Joffe, R. (1963). Blockings in prolonged serial responding. Ergonomics, 6, 109-

116. 
Bills, A. G. (1931). Blocking: A new principle of mental fatigue. American Journal of Psychol-

ogy, 43, 230-245. 
Bills, A. G. (1937). Facilitation and inhibition in mental work. Psychological Bulletin, 34, 286-

309. 
Bong, M. (2001). Role of self-efficacy and task-value in predicting college students' course per-

formance and future enrollment intentions. Contemporary Educational Psychology, 26, 553-
570. 

Bratko, D., Chamorro-Premuzic, T., & Saks, Z. (2006). Personality and school performance: 
Incremental validity of self- and peer-ratings over intelligence. Personality and Individual 
Differences, 41, 131-142. 

Bühner, M., Mangels, M., Krumm, S., & Ziegler, M. (2005). Are working memory and attention 
related constructs? Journal of Individual Differences, 26, 121-131. 

Bull, R., & Scerif, G. (2001). Executive functioning as a predictor of children's mathematics 
ability: Inhibition, switching, and working memory. Developmental Neuropsychology, 19, 
273-293. 

Bunce, D. J., Warr, P. B., & Cochrane, T. (1993). Blocks in choice responding as a function of 
age and physical fitness. Psychology and Aging, 8, 26-33. 

Byrnes, J. P., Miller, D. C., & Schafer, W. D. (1999). Gender differences in risk taking: A meta-
analysis. Psychological Bulletin, 125, 367-383. 

Carey, W. B. (1998). Temperament and behavior problems in the classroom. School Psychology 
Review, 27, 522-533. 



Predicting school achievement  629 

Castellanos, F. X., Sonuga-Barke, E. J. S., Scheres, A., Di Martino, A., Hyde, C., & Walters, J. R. 
(2005). Varieties of attention-deficit/hyperactivity disorder-related intraindividual variability. 
Biological Psychiatry, 57, 1416-1423. 

Cattell, R. B., Barton, K., & Dielman, T. E. (1972). Prediction of school achievement from moti-
vation, personality, and ability measures. Psychological Reports, 30, 35-43. 

Chang, F., & Burns, B. M. (2005). Attention in preschoolers: Associations with effortful control 
and motivation. Child Development, 76, 247-263. 

Clair-Thompson, H. L., & Gathercole, S. E. (2006). Executive functions and achievements in 
school: Shifting, updating, inhibition, and working memory. Quarterly Journal of Experimen-
tal Psychology, 59, 745-759. 

Colom, R., Escorial, S., Shih, P. C., & Privado, J. (2007). Fluid intelligence, memory span, and 
temperament difficulties predict academic performance of young adolescents. Personality 
and Individual Differences, 42, 1503-1514. 

de Jong, P. F., & das-Smaal, E. A. (1995). Attention and intelligence: The validity of the star 
counting test. Journal of Educational Psychology, 87, 80-92. 

de Zeeuw, P., Aarnoudse-Moens, C., Bijlhout, J., Konig, C., Uiterweer, A. P., Papanikolau, A., et 
al. (2008). Inhibitory performance, response speed, intraindividual variability, and response 
accuracy in ADHD. Journal of the American Academy of Child and Adolescent Psychiatry, 
47, 808-816. 

Deary, I. J., Strand, S., Smith, P., & Fernandes, C. (2007). Intelligence and educational achieve-
ment. Intelligence, 35, 13-21. 

Di Fabio, A., & Busoni, L. (2007). Fluid intelligence, personality traits and scholastic success: 
Empirical evidence in a sample of Italian high-school students. Personality and Individual 
Differences, 43, 2095-2104. 

Duckworth, A. L., & Seligman, M. E. (2005). Self-discipline outdoes IQ in predicting academic 
performance of adolescents. Psychological Science, 16, 939-944. 

Falmagne, J. C. (1965). Stochastic models for choice reaction time with applications to experi-
mental results. Journal of Mathematical Psychology, 2, 77-124. 

Falmagne, J. C., & Theios, J. (1969). On attention and memory in reaction time experiments. 
Acta Psychologica, 30, 316-323. 

Fiske, D. W., & Rice, L. (1955). Intra-individual response variability. Psychological Bulletin, 52, 
217-250. 

Flehmig, H. C., Steinborn, M. B., Langner, R., Scholz, A., & Westhoff, K. (2007). Assessing 
intraindividual variability in sustained attention: Reliability, relation to speed and accuracy, 
and practice effects. Psychology Science, 49, 132-149. 

Flehmig, H. C., Steinborn, M. B., Langner, R., & Westhoff, K. (2007a). Lapses of attention in 
reaction time tasks predict people's beliefs about their everyday life attention and memory. In 
S. Bülthoff, A. Chatziastros, H. Mallot & R. Ulrich (Eds.), Proceedings of the 10th Tübingen 
Perception Conference. Kirchentellingsfurt: Knirsch. 

Flehmig, H. C., Steinborn, M. B., Langner, R., & Westhoff, K. (2007b). Neuroticism and the 
mental noise hypothesis: Relation to lapses of attention and slips of action in everyday life. 
Psychology Science, 49, 343-360. 

Furnham, A., Chamorro-Premuzic, T., & McDougall, F. (2002). Personality, cognitive ability, 
and beliefs about intelligence as predictors of academic performance. Learning and Individ-
ual Differences, 14, 47-64. 

Gathercole, S. E., Pickering, S., Knight, C., & Stegmann, Z. (2004). Working memory skills and 
educational attainment: Evidence from National Curriculum Assessments at 7 and 14 years of 
age. Applied Cognitive Psychology, 18, 1-16. 



M. B. Steinborn, H. C. Flehmig, K. Westhoff & R. Langner 630 

Greene, B. A., DeBacker, T. K., Ravindran, B., & Krows, A. J. (1999). Goals, values, and beliefs 
as predictors of achievement and effort in high-school mathematics classes. Sex Roles, 40, 
421-458. 

Guilford, J. P. (1956). Fundamental statistics in psychology and education. New York: McGraw-
Hill. 

Hagemeister, C. (2007). How useful is the power law of practice for recognizing practice in 
concentration tests? European Journal of Psychological Assessment, 23, 157-165. 

Harackiewicz, J. M., Barron, K. E., Tauer, J. M., & Elliot, A. J. (2002). Predicting success in 
college: A longitudinal study of achievement goals and ability measures as predictors of in-
terest and performance from freshman year through graduation. Journal of Educational Psy-
chology, 94, 562-575. 

Hayashi, R. (2000). Correlation between coefficient of variation of choice reaction time and 
components of event-related potentials (P300): effect of benzodiazepine. Journal of the Neu-
rological Sciences, 178, 52-56. 

Hyde, J. S., Fennema, E., & Lamon, S. J. (1990). Gender differences in mathematics perform-
ance: A meta-analysis. Psychological Bulletin, 107, 139-155. 

Jansen, M. G. H. (2007). Testing for local dependence in Rasch's multiplicative gamma model for 
speed tests. Journal of Educational and Behavioral Statistics, 32, 24-38. 

Jansen, M. G. H., & Glas, C. A. W. (2005). Checking the assumptions of Rasch's model for speed 
tests. Psychometrika, 70, 671-684. 

Jensen, A. R. (1992). The importance of intraindividual variation in reaction time. Personality 
and Individual Differences, 13, 869-881. 

Jensen, A. R. (1998). The g-factor: The science of mental ability. New York: Praeger. 
Jentzsch, I., & Leuthold, H. (2005). Response conflict determines sequential effects in serial 

response time tasks with short response-stimulus intervals. Journal of Experimental Psychol-
ogy: Human Perception and Performance, 31, 731-748. 

Johnson, W., & Bouchard, T. J. (2007). Sex differences in mental abilities: g masks the dimen-
sions on which they lie. Intelligence, 35, 23-39. 

Keith, T. Z. (1999). Effects of general and specific abilities on student achievement: Similarities 
and differences across ethnic groups. School Psychology Quarterly, 14, 239-262. 

Kraepelin, E. (1902). Die Arbeitscurve [The work curve]. Philosophische Studien, 19, 459-507. 
Krumm, S., Ziegler, M., & Bühner, M. (2008). Reasoning and working memory as predictors of 

school grades. Learning and Individual Differences, 18, 248-257. 
Laidra, K., Pullmann, H., & Allik, H. (2007). Personality and intelligence as predictors of aca-

demic achievement: A cross-sectional study from elementary to secondary school. Personal-
ity and Individual Differences, 42, 441-451. 

Larson, G. E., & Alderton, D. L. (1990). Reaction time variability and intelligence: A "worst 
performance" analysis of individual differences. Intelligence, 14, 309-325. 

Lehtinen, E., Vauras, M., Salonen, P., Olkinuora, E., & Kinnunen, R. (1995). Long-term devel-
opment of learning activity: Motivational, cognitive, and social interaction. Educational Psy-
chologist, 30, 21-35. 

Lehto, J. (1995). Working memory and school achievement in the ninth form. Educational Psy-
chology, 15, 271-281. 

Leth-Steensen, C., Elbaz, Z. K., & Douglas, V. I. (2000). Mean response times, variability, and 
skew in the responding of ADHD children: A response time distributional approach. Acta 
Psychologica, 104, 167-190. 

Los, S. A., & Schut, M. L. J. (2008). The effective time course of preparation. Cognitive Psy-
chology, 57, 20-55. 



Predicting school achievement  631 

Luo, D. S., Thompson, L. A., & Detterman, D. K. (2003). The causal factor underlying the corre-
lation between psychometric g and scholastic performance. Intelligence, 31, 67-83. 

Luo, D. S., Thompson, L. A., & Detterman, D. K. (2006). The criterion validity of tasks of basic 
cognitive processes. Intelligence, 34, 79-120. 

Maybery, M. T., & Do, N. (2003). Relationships between facets of working memory and per-
formance on a curriculum-based mathematics test in children. Educational and Child Psy-
chology, 20, 77-92. 

Moosbrugger, H., & Goldhammer, F. (2006). Aufmerksamkeits- und Konzentrationsdiagnostik 
[Assessment of attention and concentration]. In K. Schweizer (Ed.), Leistung und Leistungs-
diagnostik (pp. 83-102). Heidelberg: Springer. 

Muraven, M., & Baumeister, R. F. (2000). Self-regulation and depletion of limited resources: 
does self-control resemble a muscle? Psychological Bulletin, 126, 247-259. 

Noftle, E. E., & Robins, R. W. (2007). Personality predictors of academic outcomes: Big five 
correlates of GPA and SAT scores. Journal of Personality and Social Psychology, 93, 116-
130. 

O'Connor, M. C., & Paunonen, S. V. (2007). Big five personality predictors of post-secondary 
academic performance. Personality and Individual Differences, 43, 971-990. 

Osterburg, C. (2008). Überwachung von Tempo und Genauigkeit beim konzentrierten Arbeiten: 
Gibt es einen Zusammenhang zwischen Neurotizismus und Konzentrationsfehlern? [Monitor-
ing speed and accuracy during sustained concentration performance: Is there a relationship 
between neuroticism and performance accuracy?]. Unpublished Diploma Thesis, Technische 
Universität Dresden, Dresden. 

Pailing, P. E., & Segalowitz, S. J. (2004). The error-related negativity as a state and trait measure: 
Motivation, personality, and ERPs in response to errors. Psychophysiology, 41, 84-95. 

Pauli, R. (1938). Die Arbeitskurve als ganzheitlicher Prüfungsversuch (als Universaltest) [The 
work curve as an all-encompassing measure of cognitive ability]. Archiv für die gesamte Psy-
chologie, 108, 412-424. 

Peak, H., & Boring, E. G. (1926). The factor of speed in intelligence. Journal of Experimental 
Psychology, 9, 71-94. 

Petrat, H. (2008). Leistungsverhalten in Konzentrationstests. Ein Marker für Neurotizismus? 
[Performance in sustained concentration tasks. A marker of neuroticism?]. Unpublished 
Diploma Thesis, Technische Universität Dresden, Dresden. 

Pieters, J. P. M. (1985). Reaction time analysis of simple mental tasks: A general approach. Acta 
Psychologica, 59, 227-269. 

Pieters, J. P. M., & Van der Ven, A. G. H. S. (1982). Precision, speed and distraction in time-
limit tests. Applied Psychological Measurement, 6, 93-109. 

Poffenberger, A. T., & Tallman, G. G. (1915). Variability in performance during brief periods of 
work. Psychological Review, 22, 371-376. 

Posner, M. I., Cohen, Y., Choate, L. S., Hockey, G. R. J., & Maylor, E. (1984). Sustained con-
centration: Passive filtering or active orienting. In S. Kornblum & J. Requin (Eds.), Prepara-
tory states and processes (pp. 49-65). Hillsdale, NY: Lawrence Erlbaum. 

Rabbitt, P. M. A., Osman, P., Moore, B., & Stollery, B. (2001). There are stable individual differ-
ences in performance variability, both from moment to moment and from day to day. Quar-
terly Journal of Experimental Psychology, 54(A), 981-1003. 

Rabiner, D. L., Murray, D. W., Schmid, L., & Malone, P. S. (2004). An exploration of the rela-
tionship between ethnicity, attention problems, and academic achievement. School Psychol-
ogy Review, 33, 498-509. 



M. B. Steinborn, H. C. Flehmig, K. Westhoff & R. Langner 632 

Ramseier, E. (2001). Motivation to learn as an outcome and determining factor of learning at 
school. European Journal of Psychology of Education, 16, 421-439. 

Restle, F. (1970). Speed of adding and comparing numbers. Journal of Experimental Psychology, 
83, 274-278. 

Rindermann, H., & Neubauer, A. C. (2004). Processing speed, intelligence, creativity, and school 
performance: Testing of causal hypotheses using structural equation models. Intelligence, 32, 
573-589. 

Robbins, S. B., Lauver, K., Le, H., Davis, D., Langley, R., & Carlstrom, A. (2004). Do psychoso-
cial and study skill factors predict college outcomes? A meta-analysis. Psychological Bulle-
tin, 130, 261-288. 

Robinson, M. D., Wilkowski, B. M., & Meier, B. P. (2006). Unstable in more ways than one: 
Reaction time variability and the neuroticism/distress relationship. Journal of Personality, 74, 
311-344. 

Rothbart, M. K., Ellis, L. K., Rueda, M. R., & Posner, M. I. (2003). Developing mechanisms of 
temperamental effortful control. Journal of Personality, 71, 1113-1143. 

Sanders, A. F. (1998). Elements of human performance. Mahwah, NJ: Lawrence Erlbaum. 
Sanders, A. F., & Hoogenboom, W. (1970). On the effects of continuous active work on perform-

ance. Acta Psychologica, 33, 414-431. 
Schaefer, B. A., & McDermott, P. A. (1999). Learning behavior and intelligence as explanations 

for children's scholastic achievement. Journal of School Psychology, 37, 299-313. 
Schmitt, N., Oswald, F. L., Kim, B. H., Imus, A., Merritt, S., Friede, A., et al. (2007). The use of 

background and ability profiles to predict college student outcomes. Journal of Applied Psy-
chology, 92, 165-179. 

Schweizer, K., & Moosbrugger, H. (2004). Attention and working memory as predictors of intel-
ligence. Intelligence, 32, 329-347. 

Segalowitz, N., Poulsen, C., & Segalowitz, S. (1999). RT coefficient of variation is differentially 
sensitive to executive control involvement in an attention switching task. Brain and Cogni-
tion, 40, 255-258. 

Sergeant, J. (2000). The cognitive-energetic model: An empirical approach to Attention-Deficit 
Hyperactivity Disorder. Neuroscience and Biobehavioral Reviews, 24, 7-12. 

Sheppard, L. D., & Vernon, P. A. (2008). Intelligence and speed of information processing: A 
review of 50 years of research. Personality and Individual Differences, 44, 535-551. 

Sherman, J. (1979). Predicting mathematics performance in high school girls and boys. Journal of 
Educational Psychology, 71, 242-249. 

Smallwood, J., McSpadden, M., Luus, B., & Schooler, J. (2008). Segmenting the stream of con-
sciousness: The psychological correlates of temporal structures in the time series data of a 
continuous performance task. Brain and Cognition, 66, 50-56. 

Smit, J. C., & Van der Ven, A. G. H. S. (1995). Inhibition and speed in concentration tests: The 
Poisson Inhibition Model. Journal of Mathematical Psychology, 39, 265-274. 

Spearman, C. (1927). The abilities of man. New York: MacMillan. 
Spinath, B. (2006). Predicting school achievement from general cognitive ability. Intelligence, 

34, 363-374. 
Spinath, B., Spinath, F. M., Harlaar, N., & Plomin, R. (2006). Predicting school achievement 

from general cognitive ability, self-perceived ability, and intrinsic value. Intelligence, 34, 
363-374. 

Steinborn, M. B. (2004). Kennzeichen der Übung in einem Verfahren zur Messung von Konzent-
rationsfähigkeit [Effects of practice in a test of sustained concentration]. Unpublished 
Diploma Thesis, Technische Universität Dresden, Dresden. 



Predicting school achievement  633 

Steinborn, M. B., Rolke, B., Bratzke, D., & Ulrich, R. (2008). Sequential effects within a short 
foreperiod context: Evidence for the conditioning account of temporal preparation. Acta Psy-
chologica, 129, 297-307. 

Stetsenko, A., Little, T. D., Gordeeva, T., Grasshof, M., & Oettingen, G. (2000). Gender effects 
in children's beliefs about school performance: A cross-cultural study. Child Development, 
71, 517-527. 

Stuss, D. T., Meiran, N., Guzman, A., Lafleche, G., & Willmer, J. (1996). Do long tests yield a 
more accurate diagnosis of dementia than short tests? A comparison of 5 neuropsychological 
tests. Archives of Neurology, 53, 1033-1039. 

Stuss, D. T., Murphy, K. J., Binns, M. A., & Alexander, M. P. (2003). Staying on the job: The 
frontal lobes control individual performance variability. Brain, 126, 2363-2380. 

Theios, J., & Smith, P. G. (1972). Can a two-state model account for two-choice reaction time 
data? Psychological Review, 79, 172-179. 

Tucker, D. M., & Williamson, P. A. (1984). Asymmetric neural control systems in human self-
regulation. Psychological Review, 91, 185-215. 

Van Breukelen, G. J. P. (1989). Concentration, speed and precision in simple mental tasks. In E. 
E. C. I. Roskam & R. Suck (Eds.), Progress in Mathematical Psychology (Vol. 1, pp. 175-
193). Amsterdam: Elsevier. 

Van Breukelen, G. J. P., Roskam, E. E. C. I., Eling, P. A. T. M., Jansen, R. W. T. L., Souren, D. 
A. P. B., & Ickenroth, J. G. M. (1996). A model and diagnostic measures for response time 
series on tests of concentration: Historical background, conceptual framework, and some ap-
plications. Brain and Cognition, 27, 147-179. 

Van der Ven, A. G. H. S. (1998). Inhibition theory and the concept of perseveration. In C. E. 
Dowling, F. S. Roberts & P. Theuns (Eds.), Recent progress in mathematical psychology (pp. 
81-98). Mahwah, NJ: Lawrence Erlbaum. 

Van der Ven, A. G. H. S., Smit, J. C., & Jansen, R. W. T. L. (1989). Inhibition in prolonged work 
tasks. Applied Psychological Measurement, 13, 177-191. 

Wagenmakers, E. J., & Brown, S. (2007). On the linear relation between the mean and the stan-
dard deviation of a response time distribution. Psychological Review, 114, 830-841. 

Wallace, J. C., & Vodanovich, S. J. (2003). Can accidents and industrial mishaps be predicted? 
Further investigation into the relationship between cognitive failure and reports of accidents. 
Journal of Business and Psychology, 17, 503-514. 

Weaver, H. B. (1942). Study of discriminative serial action: Manual response to color. Journal of 
Experimental Psychology, 31, 177-201. 

Weissman, D. H., Roberts, K. C., Visscher, K. M., & Woldorff, M. G. (2006). The neural bases 
of momentary lapses in attention. Nature Neuroscience, 9, 971-978. 

Westhoff, K. (1985). Eine erste Prüfung einer Konzentrationstheorie [A first test of the facet 
theory of concentration performance]. Diagnostica, 31, 265-278. 

Westhoff, K., & Graubner, J. (2003). Konstruktion eines komplexen Konzentrationstests [Con- 
struction of a Complex Concentration Test]. Diagnostica, 49, 110-119. 

Westhoff, K., & Hagemeister, C. (1992). Reliabilität von Fehlern in Konzentrationstests [Reliabi-
lity of error scores in concentration tests]. Diagnostica, 38, 116-129. 

Westhoff, K., & Kluck, M. L. (1984). Ansätze einer Theorie konzentrativer Leistungen [Towards 
a theory of concentration performance]. Diagnostica, 30, 167-183. 

Wickelgren, W. A. (1977). Speed-accuracy tradeoff and information-processing dynamics. Acta 
Psychologica, 41, 67-85. 



M. B. Steinborn, H. C. Flehmig, K. Westhoff & R. Langner 634 

Wilkinson, R. T. (1990). Response stimulus interval in serial choice reaction time: Interaction 
with sleep deprivation, choice, and practice. Quarterly Journal of Experimental Psychology, 
42A, 401-423. 

Yerkes, R. M. (1904). Variability of reaction time. Psychological Bulletin, 1, 37-46. 
 
 

Acknowledgements 
 
The contribution of the first author, Michael Steinborn (Cognitive and Biological Psy-

chology, University of Tübingen), is supported by a grant (ClockWork) from the Daimler-
Benz Foundation, Ladenburg, Germany (www.daimler-benz-stiftung.de). Robert Langner 
(Neuropsychology Section, Department of Neurology, RWTH Aachen University) is sup-
ported by a scholarship from the Deutsche Forschungsgemeinschaft (DFG, IRTG 1328). We 
thank three anonymous reviewers for their helpful comments on an earlier version of this 
paper. 

 
 


