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One principle of cognitive development is that earlier intervention for educational difficulties tends to improve outcomes such as future educational and career success. One possible way to help students who struggle is to determine if they process information differently. Such determination might lead to clues for interventions. For example, early information processing requires attention before the information can be identified, encoded, and stored. The aim of the present study was to investigate whether parent ratings of inattention, inhibition, and impulsivity, and whether error rate on a reflexive attention task could be used to predict child scores on state standardized tests. Finding such an association could provide assistance to educators in identifying academically struggling children who might require targeted educational interventions. Children (N = 203) were invited to complete a peripheral cueing task (which measures the automatic reorienting of the brain’s attentional resources from one location to another). While the children completed the task, their parents completed a questionnaire. The questionnaire gathered information on broad indicators of child functioning, including observable behaviors of impulsivity, inattention, and inhibition, as well as state academic scores (which the parent retrieved online from their school). We used sequential regression to analyze contributions of error rate and parent-rated behaviors in predicting six academic scores. In one of the six analyses (for science), we found that the improvement was significant from the simplified model (with only family income, child age, and sex as predictors) to the full model (adding error rate and three parent-rated behaviors). Two additional analyses (reading and social studies) showed near significant improvement from simplified to full models. Parent-rated behaviors were significant predictors in all three of these analyses. In the reading score analysis, error rate showed a trend for significance as a predictor. In the analyses for math, language arts, and the overall academic score (created using principal component analysis), the simplified model best predicted academic outcomes.
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INTRODUCTION

National programs such as the No Child Left Behind (No Child Left Behind (NCLB) Act of 2001 and 20 U. S. C. A. § 6301 et seq., 2003) and Common Core (National Governors Association Center for Best Practices and Council of Chief State School Officers, 2010) have been instituted to help students reach higher goals. These programs focus on standards and content (Mathis, 2010; Beach, 2011; Porter et al., 2011; Tienken, 2011). Teacher attitudes toward the standards appear to be mostly favorable, especially among elementary school teachers (Roy-Campbell, 2012; Troia and Graham, 2016). However, many educators feel that, although these national standards are more rigorous than prior curricula, professional development efforts have not been sufficient to ensure that teachers have the appropriate training to help struggling students (Roy-Campbell, 2012; Troia and Graham, 2016). In short, teachers often feel left without appropriate knowledge to help students with poor academic performance.

Standardized testing is one way to measure academic performance (Roche and Ghazarian, 2012; Kwong and Davis, 2015). Success on standardized tests requires efficient performance in a variety of different content areas and using a variety of skills. For instance, although reading is generally a skill included in many academic standardized tests, it is important to differentiate between it and other academic skills because the required skillset to succeed in reading probably differs from that of other academic subjects. Researchers have determined that reading includes skill in decoding, word recognition, and the construction of meaning (Foorman and Torgesen, 2001) Success in science and math, however, has been defined as consisting of other cognitive skills, such as relational reasoning, creativity, and problem solving (Krumm et al., 2012; Roķe and Kālis, 2015).

When students do not perform well on standardized tests, the difficulty may originate from underlying cognitive processes these students rely on (McLean and Hitch, 1999). For example, two aspects of attention, spatial working memory and executive functioning, have been implicated in children with poor arithmetic performance (McLean and Hitch, 1999; Bull and Scerif, 2001; Bull et al., 2008). Likewise, attentional deficits have more detrimental effects on academic outcomes than do poor general cognitive abilities, social disadvantage, or ineffective parenting (Jaekel et al., 2013). Studies that capture how these cognitive processes play a role in the academic success of a general population of children are beneficial in understanding how basic cognitive processes might influence academic performance in children who struggle. It makes sense to determine if academic performance can be partly predicted by attention ask performance because we know that parietal regions of the brain, in particular the temporoparietal junction, are involved in automatic reorienting of attentional resources (Lynch, 2014; Posner, 2016) and additional activation occurs in the superior colliculus and pulvinar during peripheral cueing tasks (Posner and Rao, 2012; Miller and Buschman, 2013), which measure automatic reorienting.

The type of attention usually associated with academic success is sustained attention (Beane and Marrocco, 2004). However, reflexive attention, also known as selective attention, exogenous attention, or orienting, may be an equally important way to examine potential relationships between task errors and academics. Reflexive attention is induced exogenously when an object moves or suddenly appears. Reflexive attention is less effortful or voluntary, but errors tend to be more common in those with attentional disorders (Beane and Marrocco, 2004). In a reflexive attention task such as (Posner’s 1980), a cue flashes very briefly, disappears, and then, typically less than 100 ms later, a target appears. Participants are instructed to respond to the target and ignore the cue. However, the cues are very difficult to ignore because they are processed automatically by the brain (Lellis et al., 2013). Thus, reflexive attention can be distinguished from sustained attention by the presence of peripheral cues, a brief time course, less effort, and the engagement of different brain regions, even though there is some overlap in the cortical and subcortical regions used (Beane and Marrocco, 2004; Natale et al., 2006; Jones et al., 2015; Visintin et al., 2015).

As Beane and Marrocco (2004) note, few researchers have considered the role reflexive attention might play in the academic success of children. However, several studies using reflexive attention tasks show abnormal responses in individuals with attention-deficit/hyperactivity disorder (ADHD) (Nigg et al., 1997; McDonald et al., 1999; Chen et al., 2002). Because the symptoms of ADHD exist on a continuum in the general population (Chen et al., 2008; Lubke et al., 2009; Larsson et al., 2012), reflexive attention tasks are likely to show a normal distribution of participants in terms of errors made on the task, and these errors may associate with errors on academic tests.

In addition to cognitive skills, emotional and behavioral regulation have been associated with academic success. For example, conscientiousness, a personality trait from the NEO Five Factor Inventory (Costa and McCrae, 1992), is correlated between moderately and highly with grades (Trapmann et al., 2007). Indeed, some researchers have found that conscientiousness explains five times as much variance in GPA as does intelligence (Kappe and Van der Flier, 2012). Likewise, Diamond and Lee (2011) review several interventions aimed at social, emotional, and/or physical development that aid the development of executive function.

Because emotional and behavioral regulation also influence academic scores, we gather data on day-to-day behaviors such as inattention, impulsiveness, and inhibition. Logically, some problems that parents might notice at home result from difficulty attending to details in instructions. a parent might also notice that their child is impulsive and begins a task before they have processed all the instructions or that the child is slow to begin tasks (inhibited). Inhibition might tax working memory and lead to forgetting instructions before they can be completed. In summary, it is possible that both the proportion of errors made on a reflexive attention task and a parent report of day-to-day behaviors will explain some variability in academic performance.

MATERIALS AND METHODS

Participants

Participants were recruited after Institutional Review Board (IRB) approval from Rice University and the University of Wisconsin-Madison. As part of a longitudinal follow-up study (Lundwall et al., 2017), children (N = 203) who lived in the Madison, WI, USA area visited the Waisman Center to complete attentional tasks while their parents provided academic and behavioral information. In accordance with the Declaration of Helsinki, we obtained written informed consent from all parents and all children gave written assent. Of the 203 children from whom we collected data, two had their data excluded for having a serious neurological diagnosis and two were excluded for having an uncorrected vision diagnosis. Of the 199 children in the analyzed data set, 49% were female. The mean age was 12.93 years (SD = 1.73; range 10.58–16.55 years).

Procedure

We used children’s state academic scores on the Wisconsin Knowledge and Concepts Examinations (WKCE). Parents were asked to bring their child’s printed WKCE report to their visit to the Waisman Center. If the parent did not bring the report, they were asked during the visit to look up the scores on the parent portal of the school district website. Most parents (N = 153) provided state academic scores. However, not all subjects were tested each year. Therefore, 23% of the reading scores were missing, 67% of the language arts scores were missing, 31% of the math scores were missing, 71% of the science scores were missing, and 71% of the social studies scores were missing. While this amount of missing data is high, we used multiple imputation to replace missing values, which is capable of handling large amounts of missing data (Rubin, 1987), especially when the reason for missingness is known.

Multiple imputation is often used in cases of missing data, because simulations indicate that this approach produces little bias in their estimates (Allison, 2000; Collins et al., 2001; Royston, 2004). This approach is appropriate if the data are missing at random (i.e., missing completely at random, or MCAR) or if the reason for missingness is known and included in the analysis (i.e., missing at random, or MAR) (Scheffer, 2002; Dong and Peng, 2013). Multiple imputation is often considered inappropriate if the data are missing not at random (i.e., for no known reason, or MNAR), but is still less biased than mean imputation or listwise deletion (Dong and Peng, 2013). Simulations have shown that, when using multiple imputation with MAR data, the mean changes only 6% when 50% of the data are missing for a known reason (Scheffer, 2002).

Distinguishing between MNAR (for which multiple imputation is theoretically not appropriate) and MCAR or MAR (for which it is) is only possible if the researcher follows up with participants and can determine the reason for missingness. When we followed up with participants who did not provide any academic scores, they reported that they simply forgot. It is also important to consult the literature to determine if other studies indicate reasons why parents do not report academic scores. Adults are sometimes reluctant to report their income if it is high (Swan and Epley, 1981; Ross and Reynolds, 1996; Roemer, 2000). We suspected that parents might be reluctant to report academic scores if they were low, but found no literature confirming this. Another approach is to compare (via a t-test) those who are missing a variable to those who are not in order to try to determine why the variable might be missing (Tabachnick and Fidell, 2012). When we compared groups with missing academic scores to those with reported academic scores, we found a trend for parents of older children to be slightly more likely to forget than parents of younger children [t (201) = −1.65, p = 0.10]. Sex, child age, economic status, impulsivity, inhibition, family size, birth order, and error rate were not significantly different between those who were missing data and those who were not (Ps from 0.13 to 0.70). Because it shows a trend for significance, we have included child age in the main analysis.

Because we know the reason for missingness for most of the variables, we used multiple imputation based on 51 variables in the dataset that were associated with the variables we planned to use in our main analysis. Variables chosen to contribute to the imputations are generally of three types (Van Buuren et al., 1999; Schafer and Graham, 2002). First, we include variables that are of theoretical interest, including those that will be in the main analysis. Second, we include variables that may be associated with the reason for missingness (e.g., if the reason for missingness were embarrassment, then we would include the education of parents since this might be associated with academic testing scores in children). Third, we include variables that are correlated with the missing data (e.g., education of parents if income is missing; reading academic scores if science academic scores are missing).

Measures

Wisconsin Knowledge and Concepts Examination

Consistency and reliability information for the WKCE, which is publicly available from McGraw-Hill (CTB/McGraw-Hill, 2012), reports that depending on grade level, Cronbach’s alpha for the 2012 WKCE ranged from 0.89 to 0.93 (reading), 0.90 to 0.94 (mathematics), 0.82 to 0.85 (language arts), 0.87 to 0.90 (social studies), and 0.86 to 0.88 (science). This indicates internal consistency and scale reliability. Construct validity was assessed by comparing content standards within a subject test with each other. Correlations ranged from 0.50 to 0.84 (reading), from 0.47 to 0.75 (mathematics), from 0.38 to 0.69 (language arts), from 0.47 to 0.69 (social studies), and from 0.32 to 0.67 (science). Factor analysis revealed eigenvalues of 5.31–7.74 (reading), 4.90–7.44 (mathematics), 4.05–4.97 (language arts), 4.38–5.26 (social studies), and 4.23–5.70 (science). In short, the correlations between content standards within a subject area are relatively high, as can be expected to indicate they measure similar concepts. The correlations between content standards from different subject tests are low, as expected to indicate that they measure relatively distinct concepts (CTB/McGraw-Hill, 2012).

Reflexive Attention Task

The reflexive attention task is a peripheral cueing task based on a prevalent paradigm (Posner, 1980), and was similar to a task used in our previous study conducted with adults (Lundwall et al., 2012). We modified the child version of the task to engage the interest of children while still maintaining the ability to measure visual reflexive attention to suddenly appearing stimuli (Figure 1). The modification primarily involved using the back story of the earth being “under attack” from alien spaceships, with “friendly earth rockets” assisting the child to “shoot” the alien spaceships.
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FIGURE 1 | Schematic of the child spatial cueing (SC) task. A fixation cross appeared for a variable period (600–3,000 ms). Afterward, one, two, or no cues appeared for 67 ms followed by a gap of 83 ms. Once the target appeared, it remained on display until a left or right key press was made or until 2,000 ms had elapsed



We tested participants in a darkened room on a 381 mm × 305 mm monitor with a 60 Hz refresh rate. We maintained viewing distance at 57 cm by using a chin rest. E-Prime software (Sharpsburg, PA, USA) presented our stimuli. Cues had an inner edge 7.0° from central fixation. Targets had an inner edge 5.7° from fixation. Earth rockets flashed briefly (67 ms) and acted as cues. After a brief gap (83 ms) an alien spaceship could appear. The spaceships were targets to which children were instructed to make a right or left key press, depending on the location of the target. The cues could be valid (i.e., appear near where the target would appear) or invalid (appear contralateral to the target). Fifty-percent of the cues were valid. Since this is chance, we told children that paying attention to the earth rockets would not help them. Nevertheless, this is difficult to do and participants are typically faster at responding to a target that is preceded by a valid pre-cue, even though the stimuli presentation is too brief to depend on eye movement. Invalid pre-cues in this scenario act as distractors as they are more likely to lead to errors. There were also neutral cues, with one cue on each side of the display. In all, there were 180 trials.

Questionnaire

While the child completed the computer task, we collected data from parents on broad indicators of child functioning, such as how they were doing physically, socially, academically, and emotionally. The questionnaire included basic demographic information and a modified version of the MacArthur Health Behavior Questionnaire-Parent Version (HBQ-P). The modified HBQ-P was edited to be age appropriate and has been successfully used in a variety of studies (Valiente et al., 2008; Silver et al., 2010; Essex et al., 2011; Wiik et al., 2011; Weikum et al., 2013). Parents used a three-point Likert scale (0–2) to indicate agreement with statements such as about the distractibility, concentration, and organization of their children.

Statistical Analyses

Data Preparation

We used HBQ-P summary scores for inattention (which included six items), impulsivity (which included nine items), and inhibition (which included three items). We coded a maximum of one error per trial, which included pressing the key indicating that the target was on the wrong side or making either too fast (<200 ms) or slow (> 1,000 ms) responses. We considered RTs less than 200 ms as errors because it is not usually possible to respond to targets faster than 200 ms. These are typically called anticipation errors because, if the key press is to the correct side, this is considered chance. RTs over 1,000 ms are considered errors because they are quite slow for a task like this and represent lapses in attention. We calculated the proportion of errors for each child.

Main Analyses

To predict academic scores, we used sequential (hierarchical) regression analyses. A different analysis was performed for each academic score (reading, language arts, math, science, and social studies). In addition to predicting each academic score, we also used principal component analysis (PCA) to create a factor score that represents each child’s relative academic standing across content areas. PCA is a statistical procedure that groups observations into components, often as a data reduction technique when the research wants fewer variables to represent much of the data in the original set of variables. It uses the correlation between original variables to create new factors, or components. Factor analysis is appropriate because our original academic scores are highly correlated (Rs range from 0.63 to 0.97; Ps are all below 0.001). We used the SPSS (version 25) principal components method of factor analysis without rotation, and saved factor scores for each individual. The PCA revealed one factor for all academic scores with loadings (similar to correlation coefficients) ranging from 0.71 for reading to 0.97 for social studies. Communalities (which show how much of the variance in a variable is accounted for by the extracted factor) ranged from 0.51 for reading to 0.94 for social studies (see Table 1). The factor score explains 78% of the variance in the academic scores data. Predictors included error rate and parent-rated impulsivity, inhibition, and inattention. All initial models included sex, age, and family income as control covariates; subsequent regression models added academic score, parent rating, and error rate variables to determine predictive changes. It should be noted that we did not include both age and grade as covariates in the same because they are highly correlated (r = 0.94, p < 0.001); excluding them from being present in the same model helped us avoid issues with multicollinearity. Multicollinearity should be avoided unless there is a theoretical reason to keep correlated predictor variables in the analysis (Schroeder et al., 1990), as was the case with our three parent-rated behaviors.

TABLE 1 | PCA summary.
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RESULTS

Descriptive Statistics

Wisconsin Knowledge and Concepts Examination scores are reported both as percentile scores and as standardized scores. We used standard scores in the analysis because percentile ranks theoretically have a uniform rather than a normal distribution of errors. The WKCE standard scores had minimal skew (<0.70). Although some of the predictors were skewed (>1.50), this is less important in regression analyses. Neither dependent variables nor predictors were transformed. Academic scores ranged from 452 to 668 (although we scaled them to be on the same order of magnitude as the predictors when performing the analysis). Reading scores had a mean of 554.87 (SD = 40.01). Language arts scores had a mean of 389.54 (SD = 64.75). Math scores had a mean of 566.33 (SD = 43.84). Science scores had a mean of 384.93 (SD = 73.09). Social studies scores had a mean of 381.75 (SD = 64.71). The overall factor score is set to have a mean of zero and a SD of one. Based on percentile scores, the children in this study typically performed better academically than about 77% of their grade matched peers. While performing above average on their academic tests, the students still made an average of 15% errors on the computer task (range 7–62%).

In addition to error rate, we used three of the HBQ-P summary scores that we thought might be related to error rates, including lapses in attention (inattention), delaying responding (inhibition) or responding too quickly (impulsivity). Each summary score is composed of several items, each of which can be scored 0 (never or not true), 1 (somewhat true), or 2 (often or very true) by the parent. Summary scores for inattention (which has six items) ranged from 0 to 9 (M = 1.71; SD = 2.10). Impulsivity (nine items) ranged from zero to 13 (M = 2.38; SD = 2.57) and inhibition (three items) ranged from 0–6 (M = 1.19; SD = 1.19). For intercorrelations between all variables in the models, see Table 2.

TABLE 2 | Correlation matrix of all regression variables.
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Main Analyses

We used manual entry of blocks of variables to obtain sequential multiple regression in SPSS (version 25). After controlling for age, sex, and family income in the first block of the regression, we analyzed contributions of error rate and parent-rated behaviors (inattention, inhibition, and impulsivity) in the second block. Outcomes were the five academic scores and the overall academic factor score. Because these are imputed data, we averaged the model values (ΔR2, F, and p) from all imputations (model summaries are not pooled by the statistical software). From the pooled coefficients provided, we used unstandardized “b” coefficients (betas are not produced).

For reading scores, the change from model 1 (the simplified model) to model 2 (the full model) showed a trend for significance, ΔR2 = 0.04, F(4, 189) = 2.26, p = 0.08. Significant coefficients in model 2 were impulsivity [b = −7.98, t(191) = −2.30, p = 0.02] and age [b = −9.50, t(191) = 2.64, p = 0.01], with error rate showing a trend for significance [b = −115.94, t(191) = −1.62, p = 0.10]. For every unit increase on the impulsivity subscale, reading scores are predicted to decrease by 7.98 points. For every unit increase on age, reading scores are predicted to drop 9.50 points. For every unit increase in error rate, reading scores show a trend to drop 115.97 points (see Table 3).

TABLE 3 | Sequential regression analysis of predictors of reading scores.
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For science, the change from model 1 to model 2 was significant, ΔR2 = 0.06, F(4, 189) = 3.04, p = 0.03. Significant coefficients in model 2 were impulsivity [b = 103.62, t(191) = 2.09, p = 0.04] and inhibition [b = −160.27, t(191) = −2.17, p = 0.03], but not age (p = 0.32) or error rate (p = 0.57). For every unit increase on the impulsivity subscale, science scores are predicted to increase by 103.62 points. For every unit increase on inhibition, science scores are predicted to drop 160.27 points (see Table 4).

TABLE 4 | Sequential regression analysis of predictors of science scores.
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Social studies, such as reading, had a change from model 1 to model 2 that showed a trend for significance, ΔR2 = 0.05, F(4, 189) = 2.37, p = 0.054. There were no significant coefficients in model 2. However, impulsivity [b = −6.37, t(191) = −1.77, p = 0.08], inattention [b = 68.83, t(191) = 1.66, p = 0.10], and inhibition (b = 105.38, t = 1.94, p = 0.05) show a trend for significance. Neither age (p = 0.36) nor error rate (p = 0.14) show any significance (p = 0.36) (See Table 5).

TABLE 5 | Sequential regression analysis of predictors of social studies scores.
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All other academic scores (including the factor score) were better predicted by the model using only age, sex, and family income as predictors (full models varied from p = 0.20 to p = 0.61, although models with age, sex, and family income as the only predictors were all significant at p > 0.001). In particular, the second language arts model (Table 6) did not change significantly from the first model, but there is a very slight trend for significance, ΔR2 = 0.05, F(4, 189) = 2.59, p = 0.11. For math (Table 7), the improvement from model 1 to model 2 was not near significance, ΔR2 = 0.03, F(4, 189) = 1.58, p = 0.20. Also, the factor score analysis (Table 8) did not show significance or near significance, ΔR2 = 0.02, F(4, 189) = 0.94, p = 0.61. Since these latter models are not significant, we will only discuss them briefly in contrast to the model that was significant and those that were near significance.

TABLE 6 | Sequential regression analysis of predictors of language arts scores.
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TABLE 7 | Sequential regression analysis of predictors of mathematics scores.
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TABLE 8 | Sequential regression analysis of predictors of factor scores.
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Because we had expected error rate to be a significant predictor in more analyses, we examined the intercorrelations between error rate and parent-rated behaviors. We noted that inhibition is correlated with error rate, r = −0.15, p = 0.04. To determine if parent-rated behaviors were “soaking up variance” that more properly belonged to error rate, we performed a follow-up analysis for reading scores with three sequential steps: (1) covariates (age, sex, family income); (2) error rate; and (3) parent-rated behaviors (impulsivity, inattention, and inhibition). The model with age, sex, family income, and error rate was not a significant improvement over the model with only age, sex, and family income. ΔR2 = 0.01, F(1, 192) = 2.36, p = 0.15.

DISCUSSION

Summary and Implications

We found that the model predicting science from parent ratings of impulsivity and inhibition was significant even when controlling for error rate, inattention scores, age, sex, and family income. This indicates that the best predictors were parent-rated impulsivity (which increased science scores) and inhibition (which decreased science scores). Of the variables included in the model (including error from the reflexive attention task), parent ratings of child emotional-cognitive qualities best predicted science scores. It is noteworthy that parents’ perceptions of the behaviors that their children exhibit are related to how their children do on an academic test. However, our finding regarding inhibition seem to counter results previously reported in the literature that emphasize inhibitory control as an advantage for success in math (Oberle and Schonert-Reichl, 2013) and academic success generally (Kennett and Reed, 2009; Murrell et al., 2015; Wu et al., 2017). The difference might be explained by the value to science of curiosity, openness to experience, and creativity (which is correlated with impulsivity) (Trapmann et al., 2007; Von Stumm et al., 2011; Bender et al., 2013). This suggests that, since we are seeking for more students to go into STEM careers (Andersen, 2014; Dejarnette, 2016), children who are behaviorally inhibited may need educational intervention to encourage traits that the sciences value such as curiosity.

We found a similar trend in the regression model predicting reading scores—impulsivity and, to a lesser extent, error rate on the computer task, were the most significant predictors in the second model. This is conceptually important, especially to developmental literature. Impulsivity is a hallmark of attention-deficit hyperactivity disorder (DeVito et al., 2009). Given the high comorbidity between attentional disorders and reading disability, it is reasonable to conclude that impulsivity likely negatively impacts reading ability, perhaps also increasing error rate. In addition, successful reading involves significant working memory (Nevo and Bar-Kochva, 2015) skill in decoding (Foorman and Torgesen, 2001), and error detection (Horowitz-Kraus and Holland, 2015). Children who tend to make more errors on a reflexive attention task might tend to obtain lower scores on reading tests because they have difficulty managing all the tasks of reading at once. Although parent ratings of inattention were not significant in this model, the results suggest a very slight trend toward the significance of inattention in predicting reading scores. Given the importance of attention in reading proficiency (Arrington et al., 2014), parent ratings of attention would likely help researchers identify struggling children sooner. Future research should further investigate the role of parent ratings of child behavior and how these ratings are linked to specific academic skills such as decoding.

In the sequential regression analysis of social studies scores, we found some evidence that the model including parent ratings was better than the model with covariates alone. However, no predictors were significant. Instead, inhibition, impulsivity, and inattention showed a trend toward significance. Inhibiting distracting thoughts might be particularly important to social studies. This content area tends to have instructional materials that have “complex syntax, technical vocabulary, and a lack of helpful context” (Brown, 2007). One suggestion is for teachers to use guided questions that help train students’ attention toward relevant passages, as this would help them filter out distracting material and focus on the most important information (Armstrong et al., 1988; Brown, 2007; Ortlieb, 2013). Although our analysis predicting social studies scores did not fully support the predictive utility of parent ratings of attention, it is likely that, when targeting interventions to children based on parent reports, all academic areas would show some slight improvement. Future studies should specifically target social studies performance and determine whether parent reports can reliably predict performance in this academic area.

Overall, two things are striking about our findings. First, it is interesting that, in all the models that showed significance or a trend for significance, it was parent-rated behaviors that were significant rather than a more obvious cognitive endophenotype (Gottesman and Gould, 2003), such as error rate. In follow-up analyses, we checked the model improvement between the covariates and adding error rate (without parent-rated behaviors). In no case was the model with error rate a significant improvement over the model with covariates only. Instead, it appears that we should look to research indicating the importance of socioemotional skills (Trapmann et al., 2007; Kappe and Van der Flier, 2012). Our finding suggests that the parent-rated behaviors are, indeed, better predictors of science scores (and perhaps of the other academic scores near significance) than error rate and other variables in the model.

Second, rather than the overall academic factor score being better predicted by all variables of interest than single subject scores, it was less well predicted. None of the parent-rated behaviors or the error rate from the attention task were significant. Science and, to some extent, reading were better predicted by adding parent-rated behaviors and error rate. Impulsivity negatively predicted reading scores, but positively predicted science scores. Taken together, this implies that different content areas have different foundational skills that can be cultivated by instructors of different subjects.

One variable that was not in the analyses was child ratings of their own behavior. Some previous literature has suggested that children are the best informants of their own behavior (Tein et al., 1994; Caster et al., 1999; Bögels and Melick, 2004). Other researchers have suggested that parents are the best informants, even into adolescence (Cantwell et al., 1997; Lauth et al., 2010). While these studies are discrepant, several researchers have found that parent ratings for observable behaviors tend to show higher agreement than those for internal experiences (Edelbrock et al., 1986; De Los Reyes et al., 2015). While agreement is a measure of reliability and we are primarily concerned with validity, it is reasonable to assume that the parents in our study would notice and report the outward signs of behavioral inattention we ask about in the HBQ-P.

Limitations

Probably the most significant limitation of our study is that only four percent of the sample had any non-Caucasian ancestry. Of these, only one reported being 100% non-Caucasian (Asian). Four reported being 50% Asian. Two reported being 50% African American, and one reported being 50% Native American. The remainder reported being Caucasian. While this reflects the census records for the geographic region we tested (U.S. Census Bureau, 2016), educators who work in much more diverse school districts will want verification that the associations we found apply to non-Caucasian students as well. We did not include ethnicity in our regression analysis because only one person reported no Caucasian ancestry, which is not enough ethnic variability to explain our findings. Replicating this study in a more diverse school district would address this question. This would be an excellent next step, nevertheless our study is useful in identifying common childhood traits (impulsivity and inhibition) that seem likely to be shared between people from different ethnic groups within the United States.

Related to this lack of diversity is that the children included in this study are children of parents who are interested in research and the parents are possibly quite well educated. That is, economically disadvantaged children might have been unintentionally excluded. Therefore, we examined family income data and determined that the median annual family income was $83,959. This is a 26% higher income per capita than the income reported for Wisconsin for 2013 (U.S. Census Bureau, 2015). However, 13% of the participating families reported an income below the Wisconsin median. This suggests reasonable contribution from less economically advantaged families, who are often less able to participate in research. We included income in our regression analysis. Nevertheless, seeking participants from lower socioeconomic backgrounds seems advisable.

Finally, our study primarily included children from 9 to 16 years old. If we want to be able to catch children who might need intervention, we should replicate this study with a younger population. This would allow us to verify the differences in errors and allow time to train children and/or adjust educational practices to meet their needs while their brains are still developing.

CONCLUSION

Despite the limitations mentioned above, it is useful to show that parent-rated behaviors are relevant to educational testing since the behaviors do not appear to be related to cognitive skills. Screening children for socioemotional skills early in their education might be important to preparing them for later academic success. As research continues with more diverse populations and younger participants, we approach the possibility of helping students obtain the skills that may help them improve their academic performance. This may be the foundation of achieving academic success for a greater number of students than has been previously possible.
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APPENDIX
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‘Coefficient or change is significant at the 0.01 level.
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