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ABSTRACT 

 

Objective: The present study was designed to investigate the relationship between patterns of 

performance on the PASAT and severity of injury variables when demographic variables were 

taken into account. 

Participants and Methods:  Eighty-one patients with mild, moderate and severe traumatic brain 

injury (TBI) were selected from a larger group of patients that had been consecutively admitted to 

Ben Taub General Hospital (BTGH) Level 1 trauma center.  Patients were evaluated at 3 months 

post-injury to determine functional outcome, determined by their performance on the PASAT. 

Performance scores were calculated for correct response dyad (CRD) and the newly developed 

modified score of intermittent performance (M-ScIP).  Multiple hierarchical linear and logistic 

regression analyses were conducted to determine the relationship between 1) PASAT scores and 

injury severity, and 2) patterns of performance and injury severity variables, all while accounting 

for demographic variables. A cluster analysis was conducted to assign each patient into one of two 

cluster groupings, based on their relative patterns of performance across PASAT trials. These 

analyses were conducted separately for CRD and M-ScIP scores.  

Results: Injury severity, measured by best day 1 Glasgow Coma Scale (BD1 GCS), was positively 

related to CRDs and negatively related to M-ScIP scores. M-ScIP scores were also negatively 

related to education.  After an initial cluster analysis was conducted separately for CRD and M-

ScIP scores, the relationship between the respective clusters and injury severity/demographic 

variables was assessed.  Only the BD1 GCS was a significant predictor of patient cluster 

assignment for CRD clusters.  None of the predictor variables were related to the M-ScIP clusters.   
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Conclusion: Only the BD1 GCS consistently emerged as a significant predictor of CRD and M-

ScIP PASAT scores and patterns of CRD scores across the PASAT trials.  The small sample size 

used in this study limited the number of clusters that could be generated from patient test scores, 

which may have prevented the emergence of significant findings for the M-ScIP cluster analysis. 

Additionally, the data for this study was obtained from patients that were able to complete the 

PASAT at 3 months post injury, which suggests that they may have been a less-severely injury 

subset of the full patient sample. The use of this uncharacteristically homogeneous population may 

have suppressed the emergence of other significant relationships between predictor and outcome 

variables that would have been present otherwise.  
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Patterns of Performance on the PASAT as a Predictor of Brain Injury Severity: Consideration of 

Dyad and Skipping Scores 

Introduction 

A great number of empirically supported and validated neuropsychological measures have 

been developed over time to assist clinicians in pinpointing deficits in multiple cognitive domains, 

and in multiple modalities. These assessment tools have enabled clinicians to provide objective 

evidence of brain-behavior relationships that may indicate underlying neurological impairments. 

While new and potentially “improved” assessment measures continue to emerge, it is possible that 

the traditional measures may still be useful in ways that have not yet been explored. By adapting 

pre-existing neuropsychological measures to assess new patient populations in innovative and 

novel ways, these measures may remain relevant and meaningful in the assessment of today’s 

patient populations. Of the many assessment tools in existence, those that incorporate multiple test 

trials are capable of evaluating changes in a patient’s performance over time within a single testing 

session. The multi-trial format for the Paced Auditory Serial Addition Test (PASAT) was of 

particular interest because it provided an opportunity to further study changes in patient 

performance across trials. The following study applied a novel methodology for utilizing the 

PASAT to assess a brain-injured population with a focus on evaluating patterns of performance 

across trials. 

History and Development of the PASAT 

The PASAT was first developed by Sampson in 1956.  Gronwall and Sampson (1974) 

adapted the original version of the PASAT for use as an auditory test of information-processing 

speed and working memory.  More recent research has suggested that the PASAT may also be 

useful in the assessment of other cognitive abilities such as sustained and divided attention (Lezak, 
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Howieson, & Loring, 2004).  Over the years, multiple forms of PASAT administration have been 

developed, including variations of stimulus modality (e.g., auditory versus visual presentation of 

stimuli), different numbers of test items and test trials, as well as variations of other test parameters 

(Hiscock, Caroselli, & Kimball, 1998; Strauss, Sherman, & Spreen, 2006). However, the most 

commonly used method of administration in the field of neuropsychology is an auditory version of 

the PASAT, such as the Gronwall (61 items per trial) or the Levin version (50 items per trial). 

The Levin, Benton, and Grossman (1982) version of the PASAT was selected for use in 

this study.  This version of the PASAT is presented in an audiotape format with 50 digits presented 

serially in each of four trials.  Digits one through nine are presented in a random order.  As each 

digit is presented, the participant is required to quickly add that digit to the previously presented 

digit (See Appendix A for the instructions for PASAT administration and Appendix B for a sample 

PASAT scoring form).  When the first digit is presented at the beginning of the 50-item trial, the 

participant makes no response because there is no previous digit to add it to.  When the second 

digit is presented, the participant adds it to the first digit.  When the third digit is presented, the 

participant has to remember what the second digit was and add the third number to it.  The length 

of time between the digits in each trial (interstimulus interval; ISI) decreases across the subsequent 

trials (See the Procedures section for a more detailed description of the PASAT).   

The complexity of the PASAT presumably necessitates simultaneous activation of several 

cognitive operations. The PASAT appears to involve short term memory for digits as well as 

addition of numbers between one and nine and inhibition from interference of previously 

calculated responses.  It is therefore not surprising that research literature suggests that performing 

the PASAT involves the cognitive domains of short-term memory (immediate memory), divided 

attention and information processing speed, as well as working memory (Gronwall & Wrightson, 
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1981; Zhang, Plotkin, Wang, Sandel, & Lee, 2004). Factor analysis demonstrated that the PASAT 

was more closely related to tests of attention and information processing than to tests of memory, 

visuoconstruction, or verbal knowledge (Larrabee & Curtiss, 1995).  However, Tombaugh, Rees, 

Baird, and Kost (2004) hypothesized that the well-documented sensitivity of the PASAT for 

detecting brain injury is more reflective of an increased susceptibility to interference effects, rather 

than a decreased rate of information processing. In a study of construct validity, O’Donnell, 

MacGregor, Dabrowski, Oestreicher, and Romero (1994) found that the PASAT reflects the 

constructs of “attention” and “conceptual ability.”  However, Hiscock, Caroselli, and Kimball 

(1998) suggest that arithmetic-specific factors could adversely affect an individual’s performance 

on the PASAT and should be considered as a possible contributing factor to poor performance.  

Hiscock et al. also found that the PASAT was sensitive to manipulations of stimulus format, 

stimulus modality, and response modality.  Their findings suggest that participants perform better 

when PASAT stimuli are presented visually instead of auditorilly, and when a manual response is 

required instead of a vocal response.  A later study conducted by Hiscock, Caroselli, Kimball, and 

Panwar (2001) also found that a higher degree of interference was present when a correctly 

summed item response on the PASAT was numerically close to the sums of previous responses. 

More specifically, they found that participant performance was significantly diminished when 

successive sums varied by only one or two units.  These results suggest that there are multiple 

factors that may influence a patient’s overall performance on the PASAT, and that these factors 

should be considered when attempting to evaluate and interpret PASAT scores.  

 When a test participant produces two consecutive correct responses on the PASAT, he/she 

has demonstrated an understanding of the task and has likely engaged the necessary cognitive 

domains necessary to complete the task.  After a participant completes the first trial and moves on 
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to subsequent trials, the cognitive demand on working memory and attentional processes begins to 

increase due to the progressively faster rate of digit presentation.  Support for this assumption can 

be found in a study conducted by Barrouillet, Bernardin, Portrat, Vergauwe, and Camos (2007) in 

which working memory spans were found to be lower when the ISI was reduced.  As would be 

expected, participant performance began to decline as time constraints became more demanding, 

and task difficulty increased.  

Rationale for the Use of the PASAT with a Brain-Injured Population 

The cognitive domains commonly affected by brain injury include concept formation, 

attention, memory (usually short-term), language, and processing speed (Lezak et al., 2004; 

Brenner et al., 2009).  The degree to which these domains are affected is dependent upon multiple 

factors, including the severity, location, and type of brain injury incurred.  As previously 

described, the PASAT is thought to place demands on several cognitive domains, including 

working memory, processing speed, and attention.  It has thus proved to be a useful measure for 

assessing the deficits common to patients who have sustained brain injury (Lezak, Howieson, & 

Loring, 2004).   

The PASAT has been found to be especially useful for measuring disease duration in 

multiple sclerosis (MS) patients (Achiron et al., 2005) thereby suggesting that the PASAT scores 

could serve as an index of the deterioration of cognitive function in patients with a progressive 

disease.  With respect to traumatic brain injury rehabilitation, it has been suggested that using a 

patient’s PASAT performance as an indicator of the efficiency of information processing 

following a brain injury may enable clinicians to estimate when the patient will be ready to resume 

normal social, vocational, and/or scholastic activities (Gronwall, 1977).  Based on its potential to 
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indicate real-world outcomes, the PASAT has become a popular clinical test that has contributed to 

our understanding and assessment of brain-injured patients. 

Areas of Cortical Activation Associated with Performance on the PASAT 

By investigating how patients with brain damage perform on various cognitive tests in 

comparison with healthy controls, researchers may gain a better understanding of how brain 

injuries lead to impaired cognitive function and also how the brain compensates for damaged brain 

regions.  Studies using functional magnetic resonance imaging (fMRI) technology have been able 

to map various areas of brain activation that are associated with performance on the PASAT.  

Results suggest that specific cortical areas are necessary for performing tasks of working memory, 

focused and divided attention (Zhang et al., 2004).  However, findings vary within and across 

clinical populations and in comparison to normal populations.  Functional MRI studies of PASAT 

performance have been conducted primarily with patients who have been diagnosed with multiple 

sclerosis (MS), but at least one study has been completed with traumatic brain-injured (TBI) 

patients (Hattori et al., 2009).  While both populations suffer from diffuse or multifocal damage to 

the brain, the regions of damage and the course of the disorders vary in such a way that may cause 

fMRI findings to differ.  

        An fMRI study of an MS population and a healthy normal participant group showed similar 

cortical activation in the left frontal and parietal cortex between the two groups when attempting to 

complete the PASAT (Forn et al., 2006).  However, MS patients showed stronger activation in the 

left prefrontal cortex when compared to the control group.  This finding could indicate that the 

brain compensates for damage by utilizing the left prefrontal cortex when forced to engage in 

working memory tasks, such as the PASAT.  This finding could also suggest that when damaged, 
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overall brain activation increases as a function of greater cognitive effort expended by individuals 

with brain damage.  Therefore, “stronger activation” could merely imply that a damaged brain 

works harder in comparison to a healthy brain (Rasmussen et al., 2008). Similarly, Audoin et al. 

(2003) demonstrated cortical reorganization in patients with early stages of MS who were 

performing the PASAT.  In this study, significantly greater activation was found in the right 

frontopolar cortices, the bilateral lateral prefrontal cortices, and the right cerebellum of the MS 

patients in comparison to healthy controls.. 

Another fMRI study of MS patients showed the main activation area to be at the right 

hemispheric frontal cortex when attempting to complete the PASAT.  In contrast, healthy controls 

demonstrated a main activation area specific to the frontal part of the right cingulated gyrus, also 

known as Broadmann area 32 (Staffen et al., 2002).  In yet another population of MS patients, 

scores obtained on the PASAT were correlated with corpus callosum T2 lesion volume, normally 

appearing white matter fractional anisotropy and mean diffusivity (Mesaros et al., 2009).   

As previously mentioned, review of the current literature revealed very few fMRI studies 

of PASAT performance that included patients with TBI.  In one study conducted by Hattori et al. 

(2009), different patterns of activation were observed between patients with mild TBI and healthy 

control subjects, such that mild TBI patients had larger areas of activation bilaterally in the 

dorsolateral prefrontal cortex and larger areas of suppression in the occipital and parietal cortices, 

relative to the control group.  Activation in the cerebellar cortex was prominent in the healthy 

control group and correlated significantly with their PASAT performance.  In contrast, patients 

with mild TBI were found to have significant correlations of the inferior frontal and superior 

temporal cortices with PASAT performance, suggesting possible compensation through 

recruitment and activation of auxiliary brain areas. Hattori et al. hypothesized that frontocerebellar 
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dissociation may play a key role in explaining this variation between the groups in cortical 

activation.   

The variations in cortical activation described between healthy and clinical populations 

support the idea that changes, such as reorganization of pathways involved in cognitive processing, 

take place in the brain and could ultimately alter an individual’s cognitive function in a variety of 

ways.  In other words, when an individual sustains damage to a specific region of the brain, it is 

possible that connective neuronal pathways change in order to compensate for the damaged region.  

This could result in abnormal areas of cortical activation unique to patients with specific areas of 

brain damage, such as in those previously described.  This phenomenon is likely to be more 

prevalent when these patients attempt cognitively complex tasks such as the PASAT.  

Support for the Dyad as a Dependent Measure 

Traditionally, normative data for the PASAT have been based on the number of correct 

responses for each trial and for the grand total across trials (Mitrushina, Boone, Razani, & D’Elia, 

2005).  These normative data have been collected for multiple PASAT test versions and are 

typically derived from the performance of normal, healthy controls who possess a variety of 

demographic characteristics. Recent research has cast doubt on the use of a summed score of 

correct responses to determine a patient’s level of performance.  For example, Coo et al. (2005) 

expressed concern about whether the PASAT is measuring the domains of cognition it is intended 

to measure for each test participant, as some individuals do not perform the task as instructed.  For 

example, some individuals do not produce consecutive responses on the PASAT but instead skip 

items intermittently.  This phenomena has been noted locally, during clinical observation in our 

own research as well (H. J. Hannay, personal communication, June, 2010).   This approach to the 

test demonstrates a lack of adherence to test instructions and ultimately reduces the  load on 
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working memory.  Other concerns have been raised  regarding the validity of the PASAT as a 

measure of information processing speed when the response pattern  includes intermittent 

skipping. To support this claim, Fisk and Archibald (2000) noted that, contrary to expectation, 

differences in performance accuracy on the PASAT (based on total correct scores) among groups 

(i.e., controls, relapse-remitting MS, and secondary-progressive MS) actually decreased as 

demands on processing speed increased across trials. These findings illustrate the equalizing effect 

that intermittent skipping can have on performance amongst patients of varying cognitive abilities, 

especially in later trials.  

What may appear to be a lack of adherence to test instructions on the PASAT could come 

about for a variety of different reasons. For example, atypical performance on the PASAT may be 

indicative of someone who did not fully understand the instructions (e.g., keeping a running total) 

or someone who forgot the instructions all together. Additionally, individuals who have deficits in 

processing speed, which is common to brain injury, may skip items unconsciously, in an attempt to 

keep up with the task.  Individuals with poor math skills may also be more likely to skip than those 

with more advanced math skills.   

Atypical performance on the PASAT could suggest that an individual lacks a variety of 

cognitive skills that are necessary to meet test demands. However, the converse could also be the 

case; more cognitively intact individuals may maintain the executive skills necessary to strategize, 

develop, and intentionally implement tactics for improving their score (such as skipping), thus 

making the test “easier.” Results of a study conducted by Cicerone (2001), suggested that benefits 

of treatment for patients with mild TBI are due to participants’ improved ability to compensate for 

residual deficits and adopt strategies for the more effective allocation of their remaining attentional 

resources. This finding suggests that individuals with TBI are likely to have difficulty allocating 
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cognitive resources necessary to perform tests of complex attention, and they also lack the ability 

to spontaneously develop strategies for overcoming performance deficits. A study conducted by 

Hanten, Dennis, Zhang, Barnes, and Roberson et al. (2004) found that children with severe TBI 

significantly overestimated their memory span and were more confident in their performance than 

were controls. This finding suggests that metacognitive abilities are more compromised in children 

with severe TBI than in controls. If adults with brain injury experience similar deficits in 

metacognitive self-monitoring of abilities, they may fail to recognize poor performance, and may 

subsequently also fail to implement a strategy that would otherwise reduce cognitive demands 

(e.g., skipping) and improve their overall performance.  Based on these findings, it may be argued 

that more cognitively intact (e.g., those with less severe brain injury) would be more likely to 

engage spontaneously in a skipping strategy than would those with more severe injuries. While it 

is difficult to discern why patients sometimes skip responses, it is apparent that the extent to which 

a participant engages in a skipping response may threaten the validity and utility of the PASAT for 

predicting cognitive dysfunction as intended.  Clearly, further investigation will be required in 

order to better understand the relationship between skipping response patterns and brain injury 

severity, and the cognitive mechanisms underlying skipping response patterns. 

The effect of skipping may either artificially deflate or inflate overall PASAT performance 

scores for a given patient, relative to the patient’s baseline capacity to complete such a task.  For 

example, patients who have an impairment of processing speed may improve their overall score on 

the PASAT by engaging in a skipping strategy, thereby reducing the demands of the test to better 

suit their cognitive ability.  However, patients who are cognitively intact may limit their 

opportunity to obtain high performance scores by engaging in a skipping strategy, thus 
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undermining their true ability. Therefore, intermittently skipping items may actually serve as a 

mechanism for equalizing scores among individuals with a variety of cognitive ability levels.   

In order to objectively assess the extent to which an individual’s performance on the 

PASAT demonstrates an adherence to test instructions, other measures of performance have been 

proposed.  One recommendation is to base performance scores only on consecutive correct 

responses.  For these purposes, a consecutive pair of correct responses is typically referred to as a 

“dyad.” (Coo, et al., 2005; Gonzalez, et al., 2006; Fisk & Archibald, 2000; Rosti, et al., 2006; 

Synder & Capelleri, 2001).  The number of correct response dyads (CRDs) associated with several 

consecutive correct responses on one trial is equal to the number of consecutive correct responses 

minus one, or n – 1. CRD responses are tallied in pairs of correct responses and may overlap (See 

Appendix C for examples).  It has been suggested that the total number of CRDs, especially in the 

later trials when higher demands are placed on processing speed, may prove to be a better measure 

of true cognitive ability than the sum of individual correct responses (Rosti et al., 2006).  This idea 

is based on the rationale that performing the test as intended (without skipping items 

intermittently) requires a higher level of cognitive ability in terms of working memory and 

attention domains.   

In order for a patient to produce a single CRD, he or she must add the first two digits 

together and provide a verbal response, then ignore the answer he/she just gave and attend to the 

next digit, all while maintaining the previously presented digit in working memory.  If the patient 

is able to successfully preserve the previously presented digit in working memory and add it to the 

next digit presented, while ignoring the interference of the previous verbal response, then this 

patient will produce a single CRD. Once one CRD is established, successive correct responses will 

also fall under the categorization of a CRD because, by definition, they too will require equivalent 
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demands on working memory. Therefore, the CRD may provide an objective measure of 

adherence to the test instructions and a way to measure performance that better assesses working 

memory and attention than does the traditional scoring method, which sums both isolated and 

consecutive correct responses.  

Quantifying a Skipping Response Pattern 

Calculation of “Skips” Using the Gonzalez et al., (2006) ScIP Equation 

In an attempt to quantify a skipping pattern of performance on the PASAT, Gonzalez et al. 

(2006) developed a formula for determining a patient’s “score of intermittent performance (ScIP).”  

This equation purportedly generates an index of how closely a participant’s performance resembles 

that of someone who actively skips every other response throughout the four trials of the Levin 

version of the PASAT. The goal of the work by Gonzalez et al. (2006) was to develop a score that 

could be readily interpretable as a measure of suboptimal effort (e.g., purposefully skipping 

responses to make the test easier), and/or invalid test performance. The equation that they 

developed for these purposes is described below.  

 

 

The Gonzalez et al. (2006) ScIP equation: 

ScIP =  
       

  
      

where 

TC = the total number of correct responses summed across the four trials of the PASAT. 
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TD = the total number of dyads (consecutive correct responses without omissions or 

incorrect responses) summed across the four trials.   

96 = the total number of possible skips that can be obtained on the full PASAT when the 

patient consistently skips every other response, and begins each trial with a correct 

response. 

Proposed Modifications to the ScIP Equation for Single Trials and Full PASAT 

According to Gonzalez et al. (2006), 1 is subtracted from the difference between TC and 

TD in his formula to provide “the number of ‘gaps’ between isolated correct responses plus ‘gaps’ 

between blocks of consecutive correct responses” (p.401).  If the total number of dyads (TD) is 

subtracted from the total correct responses (TC), the resulting score should specify the number of 

isolated correct responses, with the proviso that a correction be made for the fact that no dyad can 

result from the response to the first item in each trial. The Levin version of the PASAT consists of 

4 trials, which then necessitates a correction of -4 from the (TC-TD) difference to account for each 

of the four trails. However, the fact that this correction must be applied for each of the four trials 

appears to have been overlooked. Consequently, the Gonzalez ScIP equation only subtracts 1 from 

the (TC-TD) difference, which would be appropriate if the equation were scaled for a single trial. 

By adjusting the numerator with a correction appropriate for the number of trials under 

consideration, the ScIP score can then be interpreted on a scale from 0% – 100% where 0% 

indicates no skipping, and 100% indicates that every other item was consistently skipped. 

Appendix D demonstrates how the original Gonzalez ScIP equation results in percentage scores 

that range from 3.125% to 103.125%, rather than the expected 0% to 100%. This finding conflicts 

with the statement that the “maximum ScIP score (i.e., 100%) would be indicative of someone 

who skipped every other response” (Gonzalez et al., 2006, p. 401).  
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 In order to demonstrate the proposed corrections to the Gonzalez ScIP equation, Appendix 

E provides an example of the revised ScIP equation for use within a single trial. When applying 

the equation to single trials, only the denominator of the original Gonzalez et al. (2006) equation 

must be modified to represent the number of possible omissions in a single trial (e.g., 24).  When 

applying the Gonzalez ScIP equation to the full PASAT (four trials), the original equation must be 

modified by exchanging the -1 numerator correction with a value of -4 to compensate for the four 

trials of the PASAT, each of which have a total maximum possible of n-1 dyads. The corrected 

equation for use on a full PASAT is illustrated in Appendix F.  

By appropriately adjusting the ScIP equation for use within a single trial and also with the 

full PASAT, a score of consistent skipping is obtained that ranges from 0-100%.  It should be 

noted that it would also be possible to correct the original Gonzalez ScIP equation by merely 

applying a correction of -3.125 to the result of the calculations. However, for ease of use, 

interpretation, and application, it is convenient to instead implement the corrected equations 

previously discussed.  

Operational Definition of a “Skipping Pattern” 

Another concern about the ScIP equation concerns the operational definition of a “skipping 

pattern.”  The Gonzalez ScIP equation appears to be based upon the premise that in order to obtain 

a maximum skip score on the PASAT, one must correctly respond to the first response item of 

each trial and consistently skip items thereafter, which then results in a maximum of 24 skips per 

trial. The corrected skip equations previously described are also based upon this assumption. 

However, it is also possible to conceptualize a consistent skipping pattern as that which begins 

with a skip on the first item of a trial. Given that the first response of each trial merely consists of 
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simple addition, free of interference and load on working memory, it would appear likely that the 

vast majority of patients would at least attempt a response for the first item of each trial, thereby 

making this consideration relatively inconsequential. However, a preliminary examination of the 

patient protocols revealed that 11 out of 81 participants failed to respond to the first item in at least 

one or more PASAT trials. It is unclear why a participant would omit what may be arguably the 

easiest response item on each PASAT trial. It is possible that an omission of the first response of 

the first trial may be reflective of test anxiety or difficulty understanding directions. However, as 

patients work through the first trials and learn how to more efficiently perform the task and 

become less anxious, then it would be expected that such first item omissions would not be as 

prevalent in later trials. However, out of the 11 patients with first item omissions, only two patients 

omitted the first item on the first trial. Instead, first item omissions on trials 3 or 4 were far more 

prevalent. Consequently such first item omissions may be better explained within the context of 

problems of initiation and engagement at the start of each trial. This phenomenon in later trials 

could also be related to the effects of slowed processing speed which may prevent a participant 

from providing a response before the next stimulus item is presented.  Regardless of why this 

phenomenon occurs, the consideration of alternative options for conceptualizing the skipping 

pattern would appear necessary. When the definition of a skipping pattern includes an omission on 

the first response item of a trial, the maximum number of possible skips on a single trial of the 

PASAT would be 25, instead of 24, thereby requiring a small adjustment to the denominator of the 

ScIP Equation.  Conceptually, both examples of a skipping pattern demonstrate what appears to be 

a series of pure skipping in which each individual response is followed by a skip, and each skip is 

followed by a single correct response throughout the entirety of the PASAT, which is by 
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definition, “pure skipping.”  The only difference between these two examples is whether or not the 

patient skips the first item of a trial.  

 The way in which the pure skipping pattern is conceptualized has implications for selection 

of the ScIP equation most appropriate for determining a patient’s ScIP score.  A choice has to be 

made between defining a maximum consistent skipping pattern as that which begins the trial with 

an omission for the first response item, or that which begins with a response.  For the purposes of 

this study, a maximum skipping pattern is operationally defined as an intermittent response pattern 

in which a response is provided for the first item of the trial. This results in a maximum number of 

24 omissions per 50-item trial, akin to that described by Gonzalez et al. (2006). This option was 

chosen because this response type was most consistent with the data used for this study.  

Defining an Individual “Skip”  

 Any single item on the PASAT can be scored as:  1) a correct response, 2) an incorrect 

response, or 3) an omission. The process of providing a response (whether correct or incorrect) is 

arguably more difficult and taxing than not responding at all. As previously discussed, omitting 

responses ultimately reduces the cognitive load on working memory, thereby making the test 

easier and indicating a lack of adherence to test instructions (Coo et al., 2005). Omitting responses 

also eliminates the auditory interference that would otherwise occur after providing a verbal 

response. This is especially problematic because there is evidence to suggest that the PASAT’s 

sensitivity in detecting brain injury may be related to its ability to measure an underlying 

susceptibility to output interference (Tombaugh, et al. 2004). Omitting a response may reduce 

demands on divided attention as well. Consequently, it would appear that the effects of responding 

versus not responding would impact an individual’s performance very differently. While Gonzalez 
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el al. (2006) acknowledged the importance of differentiating between incorrect responses and 

omissions for scoring purposes, it is not clear whether or not this important distinction was 

considered in the development of his ScIP equation. For example, in the Gonzalez (2004) 

dissertation upon which the Gonzalez et al. (2006) article is based, the author states that 

“consecutive correct responses (i.e., without omission errors or incorrect responses) consist of n-1 

dyads” (p.26), thereby demonstrating an acknowledgement of the two different error types. 

However, with regard to his explanation for the TC-TD difference, he goes on to say that “by 

subtracting one from this difference, you obtain the number of ‘gaps’ between isolated correct 

responses plus ‘gaps’ between blocks of consecutive correct responses” (p. 27). From this limited 

explanation, ‘gaps’ could be used interchangeably to denote either omissions and/or incorrect 

responses.   By basing the equation on the calculation of correct responses, other responses are 

effectively lumped together into one group. The percentage of skips yielded by the equation 

comprises the total number of errors,  i.e., both incorrect responses and omissions.  For the 

purposes of developing an assessment of skipping, it would appear that missions and incorrect 

responses should not be considered interchangeably as “skips,” and would be better conceptualized 

as separate variables, each capable of taxing cognitive processes to a different extent. In order to 

account for the differential cognitive demand associated with each error type, this study will 

differentiate between incorrect responses and omissions in an attempt to more precisely quantify a 

pure skipping pattern. 

The Modified ScIP (M-ScIP) Equation 

 In order to develop an equation that truly measures the extent to which a patient is omitting 

every other response, it is proposed that a new equation be devised to differentiate between 

responses (R*) and no responses (omissions). The new equation will effectively combine both 
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correct and incorrect responses into a single variable, R* thereby isolating the effect of omissions. 

The combination of correct and incorrect responses into one variable is based on the assumption 

that the provision of any response at all will generate some degree of verbal/auditory interference 

that is not present when a patient omits a response entirely. Consequently, in order to measure the 

effect of skipping on performance, it is fundamentally important that omissions are isolated within 

the equation. In order to obtain the number of “isolated R*s”, the total number of response dyads 

(RD) must be subtracted from the total number of responses (R*), which is akin to the TC-TD 

difference in the original Gonzalez ScIP equation. In this case, RD consists of consecutive R*s 

which will be calculated according to the n-1 term used for the calculation of CRDs previously 

discussed. Structuring the new equation in this way will provide a more accurate measure of the 

extent to which the participant engaged in a pure skipping pattern in which “skips” are 

operationally defined as “omissions.” The main difference between the original Gonzalez et al. 

(2006) ScIP equation and this modified ScIP (M-ScIP) equation is the way in which the variables 

are calculated and the way in which skips are defined. The following describes the M-ScIP 

equation which can be applied to both single trials or summed across all four PASAT trials to 

produce a total score.  

 

                    
         

        
 

 

   
 * 100) 

where 

 n = number of PASAT items in trial 

 R* = number of responses (combined correct and incorrect responses) 
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 RD = number of response dyads (consecutive correct and incorrect responses) 

 k = number of trials 

 In this equation, the denominator of the M-ScIP equation ((ni-2)/2) provides the maximum 

number of possible skips in a given trial or trials on the PASAT. The summation allows for the 

calculation of skip scores for individual or multiple PASAT trials. However, when applied to 

multiple trials, the resulting M-ScIP score will be averaged across trials.  

 Based on a review of current literature, ScIP scores have not yet been used to assess brain-

injured populations. It is possible that a skipping score may effectively differentiate between 

varying degrees of injury in a population of brain-injured patients. The newly developed M-ScIP 

equation provides an accurate measure of a pure skipping pattern.  Another advantage of the M-

ScIP equation is that it is quite versatile and can be used with alternative PASAT protocols that 

have different numbers of trials and items, such as the Gronwall 61-item PASAT.  For the 

purposes of this study, the M-ScIP equation was employed in subsequent analyses of skipping 

patterns. The M-ScIP score served as a dependent measure for each individual PASAT trial and 

was also summed across all four trials to produce a total M-ScIP score.  

The Development of Pattern Analysis Across Trials of the PASAT 

Based on clinical observation, several different patterns of performance across trials on the 

PASAT have been observed (H. J. Hannay, personal communication, June 2010).  For example, a 

patient’s performance may either trend upward or downward across the four PASAT trials, and 

may also fluctuate in a variety of ways between trials. In the thesis by Hane (2011), it was 

postulated that changes in performance across trials 1-4 would be related to severity of injury 

and/or demographic variables. Based on the results of cluster analyses, it was concluded that 
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patterns of performance on the PASAT were related to best day 1 (BD1) Glasgow Coma Scale 

(GCS) scores when based on total correct and omission scores as dependent variables.  

It is possible that examining patterns of performance based on CRDs may help to improve and 

expand upon patterns of performance that were based on the number of total correct responses per 

trial across the PASAT (Hane, 2011).  By summing the CRDs for each trial of the PASAT, similar 

patterns that were previously described when using correct responses may also be examined when 

using CRDs.  In fact, pattern analysis based on CRD scores may more accurately reflect a patient’s 

true underlying cognitive ability, since the dyad has been found to be a more valid indicator of 

performance on the PASAT in MS populations than the total correct score alone (Coo et al., 2005).   

 Similar to the pattern analysis previously conducted based on total correct responses and 

omissions, the extent to which a patient consistently engages in a skipping strategy can also be 

conceptualized in terms of a pattern across trials.  For example, a participant’s M-ScIP score per 

trial can be determined objectively by employing the previously described M-ScIP equation (for an 

individual trial). Individual trial scores can then be analyzed consecutively in terms of how these 

scores vary across trials, thereby demonstrating a “pattern of performance” across the four trials of 

the PASAT.  Observing the pattern of M-ScIP scores across the four trials of the PASAT may 

provide insight into when the patient is becoming overwhelmed by the demands of the PASAT, 

and when he/she is able to compensate by implementing a skipping strategy.  When skip scores are 

analyzed in terms of a pattern across trials, it is likely that an inverse of the patterns observed when 

using the CRD score will appear.  For example, CRD scores will likely decrease as PASAT trials 

advance and demands on processing speed increase. Therefore, it is likely that the number of times 

a patient is forced to skip responses will increase across trials as the demands of the test increase.  
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It is also likely that the span of consecutive skips will increase as the trials become more 

challenging.   

Possible Explanations for the Observed Patterns of Performance 

As previously discussed, performance that trends downward across trials for correct 

responses may be a function of shorter ISI (resulting in increased task difficulty), which results in 

decreased performance as trials become more difficult.  Alternatively, an increase in performance 

between trials could indicate that the patient was not properly engaged in the task in early trials, 

and when the ISI becomes shorter, he or she begins to try harder to meet the challenge in 

subsequent trials.  When performance improves across trials, it could also mean that the patient did 

not initially understand the directions adequately, which may have resulted in lower scores on the 

first trials that fell short of his/her true abilities.  After the first one or two trials, patients may 

better understand how to effectively compute their answers through processes of “learning to 

learn” (Hannay & Levin, 1985).  This learning would result in poorer scores initially, followed by 

an improvement in performance in later trials.  However, even if patients are slow to become 

engaged in, or learn the task, they still may not be able to improve their performance continuously 

across each successive trial because the task is progressively becoming more difficult due to the 

decreasing ISI.  Therefore, a brief improvement in performance may occur, followed by a final 

decrease on trial four as the patient succumbs to the increase in task difficulty.  This phenomenon 

is prevalent in clinical observation (H. J. Hannay, personal communication, June 2010).   

While these general patterns of performance appear to be discernible within a clinical 

setting, it is possible that the previously described patterns will not emerge for CRD and M-ScIP 

scores when the data are subjected to further analyses.  For instance, Hane (2011) found that when 
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using correct responses, incorrect responses, and omissions separately in a cluster analysis for 

functional data, the data from brain-injured patients formed  only two clusters based upon relative 

patterns of performance across trials: one group in which scores appeared to trend upward across 

trials (relative to other patients), and another group in which scores tended to trend downwards.  

Our first attempt to differentiate groups in terms of performance across trials when using the CRD 

score and M-ScIP score will make use of the same statistical clustering technique for functional 

data.   

Demographic Differences in PASAT Scores 

Several studies have found that gender is not a significant factor in predicting performance 

on the PASAT (Diehr et al., 2003; Wingenfeld, Holdwick, Davis, & Hunter, 1999).   According to 

Diehr et al. (2003), age, education, and ethnicity appear to be significant predictors of performance 

on a 50-item and 100-item version of the PASAT.  In addition to positive correlations among IQ, 

mathematical ability, and performance on the PASAT, Wills and Leathem (2004) found evidence 

for higher scores on the PASAT for older adults (mean age 52) versus young adults (mean age 25), 

which they attribute to a lack of basic mental arithmetic knowledge in younger generations.  A 

relatively small amount of research has been conducted on the interaction of ethnicity with age, 

gender and education to date (Mitrushina et al., 2005; Strauss et al., 2006).  Of the limited number 

of studies that have attempted to assess the effects of ethnicity on PASAT performance, few were 

able to find solid supporting evidence either for or against ethnicity as a predictor of performance.  

These limited findings suggest that further research may be necessary in order to better understand 

the effects of age, ethnicity, education, and gender on PASAT performance.   

The Present Study 
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The present study will evaluate the relationship between patterns of performance across 

trials of the PASAT and severity of injury (when demographic variables are taken into account) at 

3 months post-injury in a sample of mild, moderate and severely brain-injured patients.  This study 

will build on the findings of the thesis by Hane (2011) in which the relationships between patterns 

of performance across trials (determined using correct responses, omissions, and incorrect 

responses) and brain injury severity were assessed.  The proposed study will attempt to determine 

the relationship between patterns of performance and injury severity by using CRDs as a 

dependent variable. Similar analyses will also rely upon the derivation of scores from a newly 

developed M-ScIP score, which was based on modifications to the previously published ScIP 

Score (Gonzalez et al., 2006).  

The results of this study may have implications for neuropsychological evaluations in a 

clinical setting, for diagnosis, and for rehabilitation.  Analysis of performance patterns across trials 

may reveal new information about a patient’s underlying cognitive processes.  If these response 

patterns are related to severity of injury, then this type of analysis may be used in the future as an 

indicator of outcome.  While an exploration of such relationships is not the purpose of the current 

study, future research may show that this supplementary knowledge about a patient may enable a 

more precise rehabilitation plan to be developed and customized to fit the patient’s individual 

needs.  For example, a patient who is having difficulty learning a task initially, but improves 

his/her score in later trials (as compared to others in the group), may benefit from receiving more 

time or additional practice to aid in his/her acquisition of new information.   

This study is not the first of its kind to examine alternate methods for scoring a patient’s 

performance on the PASAT (Coo, Hopman, Edgar, McBride, & Brunet, 2005; Dirette, Hinojosa, 

& Carnevale, 1999; Kujala et al., 1995; Tombaugh et al., 2006).  However, to our knowledge, this 
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is the first study to take advantage of the utility of alternate dependent measures such as CRD and 

M-ScIP scores in examining various patterns of performance that may develop across trials as a 

function of demographic variables, injury severity, and of the population under investigation.  This 

is also the first study to attempt to quantify a skipping pattern by utilizing the newly developed M-

ScIP equation, which is derived from isolating omission responses. Classification of performance 

across trials will make use of a cluster analysis (James & Sugar, 2003) by employing the statistical 

program “R” (R Development Core Team, 2010).  The resulting clusters of patients will then be 

used to determine the presence of a relationship between patterns of performance on the PASAT 

and brain injury severity.  

Hypotheses 

 Hypothesis One 

a. In line with the results from previous studies conducted on patients with MS (Fisk & 

Archibald, 2001; Snyder, Caperelli, et al., 2001), it was expected that the total number of 

CRDs (summed across the four trials) would vary inversely with severity of injury 

variables (BD1 GCS score and worst Marshall CT classification) after demographic 

variables (age, ethnicity, education, and gender) had been taken into account.  This 

investigation uniquely attempted to determine the usefulness of the CRD in quantifying 

patient performance on the PASAT in a TBI population.  

b. Prior research has demonstrated a method for calculating the extent to which normal 

participants engage in a skipping strategy on an individual trial of the PASAT (Gonzalez, et 

al., 2006).  A modified equation was developed to calculate a performance score (M-ScIP 

score) meant to capture the extent to which a patient consistently engaged in a skipping 
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pattern across PASAT trials. It was predicted that injury severity would be related to M-

ScIP scores, such that more severe injury would be associated with higher M-ScIP scores. 

This hypothesis was tested using each individual patient’s total M-ScIP score, averaged 

across the four trials of the PASAT.  

Hypothesis Two 

   It was hypothesized that brain injury severity would be related to patterns of performance 

(as determined by the cluster analysis) on the PASAT when demographic variables are taken into 

account and when performance patterns are based on individual trial CRD and M-ScIP scores.   

Method 

Participants 

The data for this study were collected in compliance with regulations of the University of 

Houston Committee for the Protection of Human Subjects (CPHS) and the Institutional Review 

Board (IRB) of Baylor College of Medicine.  After obtaining CPHS approval from the University 

of Houston for the current archival study, data from 640 patients with mild, moderate, and severe 

TBI admitted to the Neurosurgery Intensive Care Unit (NICU) at Ben Taub General Hospital 

(BGTH), Harris County Hospital District were retrospectively reviewed.  BTGH is a Level 1 

trauma center located in Houston, TX.  All patients from this database were initially enrolled in 

NIH-NINDS funded studies intended to investigate aspects of cerebrovascular functioning after 

TBI during the years 1989-2004.  Patients were excluded from the study if they had a history of a 

previous TBI or major psychiatric disorder.   

Many patients initially followed at BTGH did not participate in follow-up 

neuropsychological testing. In order to be included in the 3 month post-injury database for the 
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current investigation, patients had to be alive and no longer in a vegetative state.  Additionally, 

patients were excluded from this study if they were unable to comprehend test instructions for 

completing the PASAT test trials.  Patients were also excluded if they attempted but did not 

complete the PASAT in its entirety, or if a patient’s performance on the test was deemed to be 

unreliable for other reasons, as based on the reliability and test completion codes (see Appendices 

G and H for Reliability and Test Completion codes).  In other words, only patients who completed 

the test according to standard procedures, or those who completed the test with an irregular 

procedure that only minimally affected reliability, were included in this database.  These patients 

also did not have any identifiable impairments that might have compromised reliability, such as 

hearing deficits or language comprehension problems. (See Appendix J for Impairment codes).   

Due to the fact that the PASAT generally measures cognitive functions that are often 

compromised in brain-injured patients (e.g., working memory, processing speed, attention, etc.), 

this test can be quite difficult for brain-injured patients relative to other cognitive tests, especially 

at 3 months post injury.  However, the 3 month post injury time point was investigated in this 

study because the sample was larger than the sample that had PASAT scores at 6 months post 

injury.  At any long-term follow-up point, an appreciable percentage of patients with a severe TBI 

who were originally enrolled in the acute care studies already have become deceased, usually 

within the first week post injury, and the remaining patients may not have recovered well enough 

to complete neuropsychological tests at 3 months post injury.  Attrition also takes place for a 

variety of reasons at 3 months post injury and at 6 months post injury. 

After screening for exclusionary criteria from the larger sample of brain-injured adults, 

reliable PASAT data were collected from 81 patients who agreed to participate in 
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neuropsychological testing, had recovered enough to understand the PASAT instructions, and were 

able to complete all 4 trials of the PASAT. Data from these patients were included in this study.  

Sample Characteristics 

 The sample used for this study comprised 78% males and 22% females (see Table 1).  Of 

these patients, 28% were Hispanic, 51% were Non-Hispanic White, 19% were Black, and 3% were 

Asian.  The average level of education in years for the sample was 11.78 years (SD = 2.4 years).  

The level of education ranged from 7 to 20 years, with a median of 12 years, indicating that most 

patients had obtained their high school diploma.  The average age of the sample was 27 years (SD 

=10.1 years), with a range of 15 to 59 years.   The most common mechanism of injury was by 

motor vehicle accident (49%), followed by fall/jump (16%), assault/fight (10%), gunshot wound 

(6%), motorcycle (6%), hit by falling object (5%), unknown (4%), bicycle (3%), and recreational 

vehicle (1%). The participant sample included only two Asian participants. Consequently, they 

were removed for the subsequent examination of group characteristics, but were retained in the 

analyses for the main hypotheses of this study. 

Analysis of Differences Among Levels of BD1 GCS 

The first analysis of group differences was conducted to determine if demographic 

variables and worst Marshall CT classification scores significantly differed among levels of BD1 

GCS. Prior to conducting analyses, assumptions of normality and homogeneity of variance were 

examined (see Table 2) for each level of BD1 GCS. Age and education variables violated the 

assumption of normality within at least one level of BD1 GCS; however, assumptions of 

homogeneity of variance were met. Nevertheless, non-parametric tests were used for the following 

analyses. Results of a Kruskal-Wallis test confirmed that the GCS 3-8, GCS 9-12, and GCS 13-15 

groups did not significantly differ in terms of age or education. Chi-square tests of independence 
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were conducted to determine whether or not the relative proportions of males versus females and 

ethnicities varied significantly between BD1 GCS groups. However, because fewer than 5 

observations emerged in several of the cells in the Chi-square contingency table, it was necessary 

to observe the Freeman-Halton extension of Fisher’s exact test, which is recommended for such 

contingency tables when the model exceeds a 2x2 design. The results revealed that there was not a 

significant difference in the relative proportions of males versus females or ethnic groups among 

the three levels of BD1 GCS. Descriptive statistics and frequencies were also generated for 

demographic variables within each BD1 GCS group (GCS 3-8 n = 24; GCS 9-12 n= 20; GCS 9-15 

n= 34) and are presented in Table 3.   

Analysis of Differences Among Levels of Worst Marshall CT Classification Scores 

Next, an examination of group differences was conducted between demographic variables 

among the three levels of the Marshall CT classification groups. An examination of normality and 

homogeneity of variance revealed that both age and education variables met assumptions of 

homogeneity of variance, but failed to meet the assumption of normality within at least one level 

of Marshall CT classification (see Table 2). Results of Kruskal-Wallis tests revealed that the 

D1/D2, D3/D4, and the M1/M2 groups did not significantly differ in terms of age or education. 

Chi-square tests of independence were conducted to determine whether or not the relative 

proportions of males versus females and ethnic groups varied significantly among worst Marshall 

CT classification groups. Again, fewer than 5 observations emerged in several cells of the 

contingency table, necessitating the use of the Freeman-Halton extension of Fisher’s exact test. 

The results revealed that there was not a significant difference in relative proportions of males 

versus females or ethnic groups among the three levels of the Marshall CT classification variable. 

Descriptive statistics and frequencies were generated for demographic variables within each 
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Marshall CT classification group (D1/D2 n = 44; D3/D4 n = 18; M1/M2 n = 16) and are presented 

in Table 4. 

Analysis of Differences Among Ethnic groups 

The Shapiro-Wilk test of normality revealed that years of education were normally 

distributed among each level of ethnicity, but that age was not. Examination of homogeneity of 

variance using Levene’s statistic revealed that education met these assumptions, but again, age did 

not (see Table 2). Next, Kruskal-Wallis tests were conducted with ethnicity as the independent 

variable and age, education, BD1GCS, and worst Marshall CT classification as dependent 

variables in order to determine whether or not there were significant differences among the ethnic 

groupings based on the dependent variables. Results revealed a significant relationship between 

ethnicity and age (H (2) = 10.79, p<.05, η
2 

= .138), ethnicity and education (H (2) = 6.09, p<.05, η
2 

= .078), and ethnicity and BD1 GCS (H (2) = 6.22, p<.05, η
2 

= .083). Ethnicity was not 

significantly related to Marshall CT classification. Descriptive statistics and frequencies were 

generated for demographic variables within each ethnic group (Non-Hispanic White n = 41; Black 

n = 15; Hispanic n = 23) and are presented in Table 5.  

Follow-up Games-Howell tests were conducted in order to better understand differences 

between ethnic groups based on age, education, and BD1 GCS (see Table 6). Results revealed that 

there was no difference among Non-Hispanic Whites and Blacks for age or BD1 GCS, but there 

was a significant difference in terms of education (Mean Difference = -1.675, p <.05, d = .734), 

such that the Non-Hispanic Whites had higher levels of education than Blacks. Significant 

differences in age were evident between Non-Hispanic Whites and Hispanics (Mean Difference = 

7.475, p <.05, d = .770). No significant differences were detected between Non-Hispanic Whites 

and Hispanics for education or BD1 GCS. Finally, differences were observed between Blacks and 
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Hispanics for age (Mean Difference = -8.571, p<.05, d = .883), but not for education or BD1 GCS. 

Basically, the Hispanic patients were the youngest and least variable group in terms of age (M = 

21.7, SD = 5.83, range 15-38) with the Non-Hispanic Whites (M = 29.17, SD = 10.92, range = 15-

58) and Blacks (M = 30.27, SD = 10.85, range=15-59) having a larger range of ages and higher 

means.   

Procedure 

Participants completed the PASAT (Levin et al., 1982) as part of a larger 

neuropsychological battery.  This version of the PASAT was presented in an audiotape format, 

consisting of four trials with 50 digit cues within each trial.  Digits 1-9 were presented auditorily in 

a random fashion.  As these digits were presented, the participant was required to add the two most 

recently presented consecutive digits and then provide a verbal response.  For example, if digits 1 

and 2 were presented, the participant would correctly respond by saying “three,” and if the next 

number presented was 5, the participant would add the two most recently presented digits (2 and 5) 

and say “seven.” The participant was therefore not keeping a running total in which each new digit 

was added to the previous total but, instead, the new digit was just added to the previous digit.  The 

length of time provided between the presentation of digits for each trial was 2.4, 2.0, 1.6 and 1.2s 

for trials one through four respectively.  Each trial of 50 digit cues was separated by a 15 second 

silence and preceded by a recorded announcement which indicated that the new sequence was 

about to begin.  The total number of possible responses on any given trial was 49, and therefore, 

the maximum possible total correct score for each trial was also 49.  The highest total score 

possible on this version of the PASAT was 196.   

PASAT Scoring 
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 The total number of CRD and M-ScIP scores was determined individually for each of the 

four trials and then summed across trials to result in a “full PASAT” score for each dependent 

measure.   

Correct Response Dyad (CRD)  

The term “correct response dyad” (CRD) refers to a correct response that is immediately 

preceded or followed by another correct response. In order to calculate CRDs, individual correct 

responses are tallied in pairs and may overlap.  Based on this rationale, a single CRD (two 

consecutive correct responses) would receive one point.  “Consecutive CRDs” refers to a string of 

correct responses in which multiple CRDs can be counted, such that the number of CRDs equals 

the number of correct responses within a consecutive string, minus one, or n - 1.  The first correct 

response in any string is not counted as a CRD because it only relies on mental math abilities 

opposed to the more complex cognitive processes required to produce a CRD.  Accordingly, one is 

subtracted from each string of correct responses.  The total number of CRDs can be calculated for 

individual trials and summed across the four trials of the PASAT to give a “full PASAT” CRD 

score.  These scores may range from 0 to 48 for each individual trial.  The full PASAT CRD score 

represents the sum of total CRDs summed across all four trials for the entire test, which may range 

from 0 to 192 (See Appendix C).  

Responses (R*) 

The term “responses (R*)” refers to any time that a response is provided for a single item 

within a trial of the PASAT.  This variable was primarily created for use within the context of the 

M-ScIP equation for its utility in partitioning-out the effect of omissions. In this case, R* may 

consist of both correct and/or incorrect responses. These scores may range from 0 to 49 for an 

individual trial, and from 0 to 196 when summed across all four trials.  



 
 

31 
 

 Response Dyads (RD) 

The term “response dyads” (RD) refers to a single response (R*) that is immediately 

followed by another response (R*). RDs can be calculated in the same way as correct response 

dyads (CRDs), in that the number of RDs that may result from any string of consecutive R*s is 

equal to n -1. However, RDs can be composed of both correct and/or incorrect responses. Again, 

this term will only be used within the context of the M-ScIP equation. These scores may range 

from 0 to 48 for each individual trial, and 0 to 192 when summed across all four PASAT trials. 

Modified- Score of Intermittent Performance (M-ScIP)  

For the purposes of this study, a “skip” refers to any time the patient fails to respond to a 

test item, which is scored as an “omission.”  The total number of possible skips per trial can be 

calculated by subtracting the total number of items per trial by two, and then dividing this 

difference by two (or, (n-2)/2). This number denotes the maximum number of skips that could 

occur when every other response is consistently skipped, and when the skipping pattern begins 

with a response (R*) on the first item of each trial. For the PASAT-200 (Levin et al., 1982), the 

total number of possible skips per trial is 24, when the trial begins with an R* for item 1.  The M-

ScIP score per trial can then be calculated by first subtracting the total number of response dyads 

(RDs) from the total number of responses (R*) per trial, minus one to give the total number of 

responses that cannot be counted as RDs.  Next, this sum must be divided by the total number of 

possible skips which was previously determined by the equation (ni-2)/2.  The product is then 

multiplied by 100 to obtain a percentage score that indicates how closely a patient’s performance 

resembles that of a “pure skipper.”  For example, a score of 100% would indicate that an 

individual skipped every other response across the entire trial (or multiple trials), and a score of 

0% would indicate that the individual failed to engage in a skipping response at all. The M-ScIP 
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equation can be applied to the full PASAT by summing the M-ScIP scores from each of the four 

trials. However, when summed across multiple trials, the product must be multiplied by “1/k” to 

average the scores of the trials, thereby yielding one full PASAT ScIP score. 

Dependent Measures  

For hypothesis one, performance on the PASAT for each participant will be derived from 

two different measures: the total CRD and M-ScIP scores for the full PASAT.  The dependent 

measures for Hypothesis 2 were based on a cluster analysis in “R,” version 2.12.1 (2010), which 

was used to assign each patient into a grouping category (“cluster”) based upon commonalities in 

patient scores across the four trials of the PASAT. Cluster analyses were individually determined 

for both CRD and M-ScIP scores. 

Independent Measures 

 Glasgow Coma Scale 

The best day 1 (BD1) Glasgow Coma Scale (GCS) scores were obtained from patients 

upon admission to BTGH and were used as one measure of brain injury severity.  GCS scores were 

determined every hour while the patient was in the NICU, which made it possible to determine a 

patient’s best overall GCS score during the first day of admission.  The GCS measures three 

components of consciousness: Eye opening (scored from 1-4), best verbal response (scored from 

1-5) and best motor response (scored from 1-6).  After scores for each individual component were 

determined, a total score was then summed across all three areas.  Total scores on the GCS can 

range from 3 (indicating no eye, verbal or motor response) to 15 (indicating full consciousness).  

Severe head injuries are commonly associated with GCS scores of 3-8, moderate head injuries with 

a GCS score of 9-12, and mild injuries with a GCS of 13-15 (Teasdale & Jennett, 1974).  GCS 

scores for this study were calculated based upon this categorical organization and were treated as 
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ordinal variables in order to compare differences among participant groups.  However, GCS scores 

were treated as continuous variables for subsequent analyses performed for hypothesis 1 and 2.  

The BD1 GCS is the highest GCS for the patient obtained within the first 24 hours after admission 

to the NICU (see Table 7 for the GCS rating scale). BD1 GCS scores were not recorded for three 

participants, and these participants were not used in analyses that included BD1 GCS, but were 

included in analyses that included other variables (e.g., Marshall CT classification) that excluded 

BD1 GCS. Of the three participants that did not have BD1 GCS scores, one was non-Hispanic 

White, one was Hispanic, and one was Black.  

Worst Marshall CT Classification. 

The worst Marshall CT classification score (Marshall et al., 1991) was obtained during 

admission at BTGH and was used as another measure of injury severity. In the case that multiple 

CT scans were performed, the worst scan for each patient was selected for use in this study. 

Consequently, the delayed bio-chemical effects of traumatic brain-injury, that are often not fully 

visible immediately following injury, were more likely to be captured. Marshall CT classification 

provides a measure is used to classify TBI patients into one of six classes according to the severity 

and type of abnormality seen on a CT brain scan.  This classification is based on the following 

criterion; 1) the presence or absence of mass lesions, 2) the presence or absence of intracranial 

abnormalities, 3) CT signs of raised intracranial pressure (status of basal cisterns/shift), and 4) 

planned evacuation of mass lesions. The categories for the system are Diffuse Injury I, Diffuse 

Injury II, Diffuse Injury III, Diffuse Injury IV, Non-evacuated mass lesion, and Evacuated mass 

lesion, respectively (See Table 8 for Marshall CT classification System). For the purposes of this 

study, Marshall CT classification variables were treated as ordinal variables and were combined 

into 3 groups; 1) D1/D2, 2) D3/D4, and 3) M1/M2. Prior to performing these analyses, each level 
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was dummy coded, with D1/D2 as the baseline comparison group. A Marshall CT classification 

score was missing for one participant, which necessitated exclusion of that case from analyses that 

included Marshall CT classification scores.  

Demographic variables.  

Demographic variables such as age in years, education in years, ethnicity, and gender were 

independent variables in this study.  This information was determined based on patient and/or 

family report. Age and education variables were treated as continuous variables, whereas ethnicity 

and gender were treated as categorical variables.  Since the ethnicity variable consisted of 4 

groups, it was dummy coded, with the Non-Hispanic White group serving as the baseline group, in 

order to satisfy the requirements of regression analysis. The gender variable did not necessitate 

dummy coding as it only consisted of 2 groups. 

Data Screening 

Prior to conducting the following statistical analyses to address the hypotheses, data were 

screened in order to ensure accuracy.  A visual inspection of the data was conducted to check for 

out-of-range values or scores that are inconsistent with the patient’s data (e.g., observing a BD1 

GCS value of “2”, which would indicate that the patient is dead and therefore not able to complete 

the PASAT).  Missing patient data were coded as 99. Three participants were missing BD1 GCS 

scores and one participant was missing a Marshall CT classification score. Participants with 

missing data were excluded case-wise from statistical analyses. Consequently, analyses for BD1 

GCS included 78 participants and analyses including Marshall CT classification only included 80 

participants. When both GCS and Marshall CT classification variables were included in analyses, 

77 participants were examined. Statistical procedures were employed in order to screen for outliers 
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and other abnormal data points that needed to be addressed prior to performing the statistical 

analyses.  

Next, followed an inspection of the dependent variables considered under hypotheses 1a 

and 1b (CRD and M-ScIP scores, respectively). Initially, it was thought that CRD scores would be 

nearly perfectly negatively correlated with M-ScIP scores on the PASAT, such that high numbers 

of dyads would prevent the occurrence of a large number of skips. However, because the 

calculation of M-ScIP scores was based on a combination of both correct and incorrect responses, 

the extent to which M-ScIP and CRD scores would be perfectly negatively correlated was unclear. 

An examination of bivariate Spearman’s rho correlations revealed that CRD scores were 

significantly negatively correlated with M-ScIP scores, r
2
 = -.83, (p<.001) (see Table 9). While this 

correlation was quite high, this was not a perfect negative correlation. Consequently, both 

dependent variables were considered in the following analyses in order to assess how these new 

measures may be related to injury severity variables, after taking demographic variables into 

account.    

A Spearman’s rho correlation was also conducted on interval/continuous and ordinal 

predictor variables (e.g. age, education, BD1 GCS, and Marshall CT classification) to assess 

assumptions of multicollinearity. Results depicted in Table 10 demonstrate a lack of correlation 

among predictors, with the exception of a significant relationship between age and education, r
2
 = 

.35, p < .01, which indicated that older individuals tended to have a higher education. A scatter 

plot revealed evidence of a partial linear relationship between these variables for the younger 

participants; however, this relationship no longer existed when the participant’s age exceeded 30 

years (see Figure 1). It is possible that correlations may have emerged between lower educational 

attainment and younger participants because our younger participants (5 participants were only 15 



 
 

36 
 

years old) had not yet had the opportunity to progress through higher levels of education. Despite 

the fact that these variables violated assumptions of multicollinearity based on the Spearman’s rho 

statistic, they were retained in the following analyses because the size of the correlation was still 

small to moderate, and because this relationship between variables was constrained within a 

younger subset of the overall participant group. According to this rationale, the assumptions of 

multicollinearity among independent variables were met. The assumptions of multicollinearity 

were also assessed among the predictor variables by examining the VIF statistic within each of the 

regression analyses. Assumptions of normal distribution of errors and homoscedasticity were also 

examined when applicable. 

 

 

Data Analysis 

Hypothesis One: 

a. The relationship of total CRDs to the injury severity and demographic variables was 

determined with the use of a multiple hierarchical linear regression model in SPSS for 

Windows, release 17.0.1 (2008).  Initial injury severity has been shown to be one of the 

most important predictors of outcome after TBI (Levin, 1985). Results from the study by 

Hane (2011) also found that GCS scores were related to the total correct and omission 

scores on the PASAT.  In the current study, the patient’s BD1 GCS and worst Marshall CT 

classification scores were used as independent variables in the model.  These variables 

were entered into the model in a hierarchical fashion first, in order of those that have been 

shown through prior research to be most important to predicting the outcome: BD1 GCS 
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followed by worst Marshall CT classification (Cifu, et al., 1997; Thatcher, Cantor, 

McAlaster, Geisler, & Krause, 1991).  Next, demographic variables that have been shown 

to be related to PASAT performance and to be significant covariates in studies of severity 

of injury were added into the model, i.e., age, ethnicity, and education (Diehr et al., 2003; 

Wills & Leathem, 2004).  Gender has generally not shown good predictive power (Diehr et 

al., 2003; Wingenfeld, et al., 1999); however, it was entered into the model to examine 

possible independent effects (Mitrushina et al., 2005; Strauss et al., 2006).  To summarize, 

block one predictors included in the hierarchical linear regression model were BD1 GCS 

and worst Marshall CT classification.  Block 2 included age, ethnicity, education, and 

gender.  The resulting significance and size of the R
2
 values indicated which predictor 

variables contributed to the most amount of variance in CRD scores, and which model 

provided the best fit. The dependent variable in this model was the patient’s total number 

of CRDs on the PASAT, summed across the four trials.  PASAT scores were treated as a 

continuous variable. 

b. Similar analyses to 1a were conducted on the M-ScIP score, by observing the average 

percentage of consistent skips for the four trials of the PASAT. As mentioned previously, 

the dependent measure for skips is based on a percentage score (from 0%-100%) that 

reflects the extent to which a patient’s performance approximates a consistent skipping 

pattern. For these analyses, the M-ScIP score was treated as a continuous variable. 

Hypothesis Two 

Based upon the identified clusters for the patient data, a new variable was created to 

specify group membership (e.g., “cluster one, cluster two,” etc.).  See Appendix G for a 
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description of the cluster analysis and how group membership was determined. The relationship 

between severity of TBI and patterns of performance on the PASAT (when demographic variables 

are taken into account) was assessed by conducting a binary logistic regression, which is similar to 

the hierarchical linear regression analyses, except that it can be applied to models that contain 

categorical dependent variables.  The predictors (BD1 GCS, worst Marshall CT classification, age, 

ethnicity, education, and gender) were entered into the model based upon a backward step-wise 

method, which includes all variables in the first step and then systematically removes them based 

upon iterative removal criteria as determined by SPSS. The dependent measure in the models was 

the cluster grouping, which was treated as a categorical variable.  The binary logistic regression 

was conducted separately for clusters derived from CRDs and M-ScIP scores.  The results of these 

analyses made it possible to determine which variables were most important for improving the fit 

of each model. 

Results 

Hypothesis One: 

1a. The total number of CRDs (summed across trials) was predicted to vary inversely with 

severity of injury variables (BD1 GCS score and worst Marshall CT classification) after 

demographic variables (age, ethnicity, education, and gender) have been taken into account.   

Correct Response Dyads (CRD) 

Hierarchical linear regression was used to test whether or not the injury severity variables 

were related to the number of dyad responses on the PASAT (when demographic variables were 

taken into account) at three months post injury.  The predictor variables were entered into the 

model using a block entry method, guided by previous research (Cifu et al., 1997; Thatcher, 
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Cantor, McAlaster, Geisler, & Krause, 1991; Diehr et al., 2003; Wills & Leathem, 2004).  Table 

11 shows the results of this analysis.  The overall model with all predictors accounted for 

approximately 17% of the variance in CRD scores. While this model approached significance, it 

did not quite meet the .05 cut-off for significance; R
2
= .17, F (6, 69) = 2.08, p = .057.  The BD1 

GCS and worst Marshall CT classification were entered in the first block. Marshall CT 

classification was immediately removed from the model due to a lack of significant predictive 

power. Only BD1 GCS remained in step 1 and was found to account for approximately 10% of the 

variance in CRD scores, R
2 

= .10, F (1, 75) = 8.29, p <.01*. When age, ethnicity, education, and 

gender were then added to the model in the second block, the model was no longer found to be 

significantly predictive of CRD scores, R
2

change = .08, Fchange = 1.04, p = .41.  The only individually 

significant predictors found in the full model were BD1 GCS, (β = .36, p < .05), and education (β 

= .30, p < .05).   

The model was tested to ensure that it met the following assumptions of linear regression 

analysis, which included absence of multicollinearity, normally distributed errors, and 

homoscedasticity.  The absence of collinearity between predictors was determined by the criterion 

of tolerance levels greater than .2 and VIF statistics of less than 10 (Field, 2009).  Tolerance levels 

and VIF statistics were within appropriate ranges and thus this assumption was met.  The Durbin-

Watson value of 2.086 was within the recommended range (ranging from 0-4, with values of 2 

meaning that residuals were uncorrelated), therefore indicating that residuals within the model 

were independent.  Normal distribution of residuals was confirmed by examining residuals on a 

normal probability plot and histogram (Figures 2a and 3a). Examination of a plot of standardized 

predicted values against the standardized residuals (Figure 4a) revealed a pattern that was evenly 
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dispersed throughout the plot, indicating that the assumptions of linearity and homoscedasticity 

have been met.  

A second hierarchical regression model was created using only BD1 GCS and education 

variables as predictors. BD1 GCS was entered in the first block, followed by education which was 

entered in the second block. The overall model accounted for approximately 12% of the variance 

in CRD scores, R
2 

= .12, F (1, 75) = 5.61, p <.01*. When education, was added to the model in the 

second block, the model’s predictive ability was not significantly improved, R
2

change = .04, Fchange = 

3.51, p = .07.  When only BD1 GCS was included, the model accounted for 9% of the variance in 

CRD scores, R
2 

= .09, F (1, 76) = 7.45, p <.01*. While both models (e.g., the model with only BD1 

GCS and the model that included education) were both found to be significant, the f-value for the 

model that only included BD1 GCS was larger, suggesting that it is a better predictor of CRD 

scores. While education neared significance, β = .20, p = .07, only the BD1 GCS which was added 

in the first block (β = .30, p < .05) was maintained in the model and was found to be a significant 

predictor of CRD scores.  See Table 12 for the results of this analysis. The final model included 

only BD1 GCS (see Table 13). The results of this model are consistent with the results obtained in 

step 1 of the previously described second model. Normality of residuals was determined by 

plotting residuals on a normal probability plot and histogram (Figures 2b and 3b). Examination of 

a plot of standardized predicted values against the standardized residuals (Figure 4b) revealed a 

pattern that was evenly dispersed throughout the plot, indicating that the assumptions of linearity 

and homoscedasticity have been met. 

1b. It was hypothesized that a patient’s M-ScIP score on the full PASAT would be related to 

severity of TBI when accounting for demographic variables, such that the M-ScIP score would 
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increase as TBI severity increased. In other words, patients that had more severe injuries would be 

more likely to intermittently skip items than would patients with less severe injuries.  

Modified Score of Intermittent Performance (M-ScIP) 

A hierarchical binary linear regression was used to test whether or not injury severity 

variables were related to total M-ScIP scores on the PASAT (when demographic variables were 

taken into account) at three months post injury.  The predictor variables were again entered into the 

model using a block entry method.  Table 14 shows the results of this analysis.  The BD1 GCS and 

worst Marshall CT classification were entered in the first block and accounted for approximately 

15% of the overall variance of M-ScIP scores, R
2
 = .15, F (3,73) = 4.16, p < .05.  Next, age,  

ethnicity, education, and gender were entered into the model in block two and were found to 

account for an additional 12% of the variance in M-ScIP scores, R
2

change = .12, Fchange (6, 67) = 

1.82, p = .11.  The overall results of this analysis determined that the combined injury severity and 

demographic predictors used in this model were significant predictors of M-ScIP scores on the 

PASAT, R
2
 = .27, F (6, 67) = 2.70, p < .05.  However, when all variables were included, only BD1 

GCS (β = -.29, p < .05) and education (β = -.35, p < .05) emerged as individually significant 

predictors of M-ScIP scores.  Tolerance levels and VIF statistics were within appropriate ranges 

and thus assumptions of collinearity were met.  Additionally, the Durbin-Watson statistic was 1.84, 

which is near the recommended value of 2, thus indicating that the assumption of independent 

errors has also been met.  Normality of residuals was determined by plotting residuals on a normal 

probability plot and histogram (Figures 2c and 3c). Examination of a plot of standardized predicted 

values against the standardized residuals (Figure 4c) revealed a pattern that was evenly dispersed 

throughout the plot, indicating that the assumptions of linearity and homoscedasticity have been 

met. 
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Based on the results of the first hierarchical linear regression for M-ScIP scores, a final 

model was run, including only BD1 GCS and education as predictor variables (see Table 15). 

Again, data were entered into the model using a block entry method.  The BD1 GCS was entered 

in block one and accounted for 8% of the variance in M-ScIP scores, R
2
 = .08, F (1, 76) = 6.57, p < 

.05.  Education was entered into the model in block two and was found to account for an additional 

10% of the variance in M-ScIP scores, R
2

change = .10, Fchange (1, 75) = 8.94, p < .05  Therefore, the 

overall model was a significant predictor of the variance in M-ScIP scores, accounting for 18% of 

the overall variance,  R
2 

= .18, F (2, 75) = 8.10, p < .05. Individually, both BD1 GCS and 

education were found to be significant predictors of M-ScIP scores (β= -.29, p < .05, and β= -.31, p 

< .05, respectively); These negative β-values suggest that there was a negative relationship 

between the two predictor variables and M-ScIP scores, such that as years of education and GCS 

scores increased, the M-ScIP scores decreased. In other words, individuals with higher education 

and less severe injury were most likely to have low consistent skipping scores.  Tolerance levels 

and VIF statistics were within appropriate ranges and thus assumptions of collinearity were met.  

Additionally, the Durbin-Watson statistic was 2.18, which is near the recommended value of 2, 

indicating that the assumption of independent errors has also been met.  Normality of residuals was 

determined by plotting residuals on a normal probability plot and histogram (Figures 2d and 3d). 

Examination of a plot of standardized predicted values against the standardized residuals (Figure 

4d) revealed a pattern that was evenly dispersed throughout the plot, indicating that the 

assumptions of linearity and homoscedasticity have been met. 

Hypothesis Two: 
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   It was predicted that the severity of TBI would be related to patterns of performance on the 

PASAT when demographic variables were taken into account, when clusters were derived from 

CRD and M-ScIP scores.  

2a. Cluster Analysis for Correct Response Dyads (CRD) 

A cluster analysis was performed in which all 81 patients were assigned to one of two 

groups, based on CRD scores for each individual PASAT trial. In order to avoid over-fitting of the 

data, a slightly reduced tuning parameter was used which caused the data to be depicted in a linear, 

versus curvilinear, fashion (See Appendix G for more information). As the curve for each patient 

progressed along the x-axis, the division between participants became more apparent.  The relative 

division of the participant’s curves into their respective clusters is depicted below, in Figure A. 

Participants were divided into groups, consisting of 45 patients in the first cluster and 36 patients 

in the second. As is depicted in the graph, patients generally produced more dyad responses in the 

first trials as compared to later trials, thereby resulting in a downward trend as trials progress for 

all participants, which is consistent with the raw data.  

 

 

 

 

 

 

 

Figure A. Graph of 2 Groups for CRD Cluster Analysis  
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Cluster 2: N= 36 
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Cluster Analysis for M-ScIP Scores 

Once again, the tuning parameter was reduced so as to prevent over-fitting of the data, thus 

resulting in the linear presentation of the graphical data seen above. This cluster analysis was again 

performed on all 81 participant, in which each participant was assigned to one of two clusters for 

M-ScIP scores. The approximate groupings of the clusters are depicted below in Figure B.  The 

two separate clusters for the data consisted of 53 and 28 patients for groups 1 and 2, respectively.    

 

 

 

 

 

 

 

Results 

 

For the purposes of this study, each set of identified clusters for each dependent measure 

was used as a categorical dependent variable in modeling PASAT performance as a function of 

severity of injury and demographic variables using logistic regression.   

Correct Response Dyads (CRD) 

 A binary logistic regression was used to test whether or not the two patient cluster 

groupings would be related to injury severity variables when demographic variables were taken 

into account.  For CRD scores, the participant performance curves were divided into two clusters, 

which resulted in a dichotomized dependent variable.  Each participant was assigned into one of 

Figure B. Graph of 2 Groups for M-ScIP Cluster Analysis  
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the two clusters based on the trajectory of their performance across trials. The predictor variables 

were entered into the model in a backward, stepwise method because no previous research exists 

upon which to base hypotheses for testing. The backward model is also preferred over the forward 

model due to its ability to minimize suppressor effects, which can become problematic when a 

predictor is significant, but only when another is held constant (Fields, 2009).  In this model, all 

predictors were added into the model in the first step and then calculations were performed on the 

contribution of each variable to the model.  If a variable was removed, the model would then be re-

assessed for the remaining predictors.  The following predictors were entered into the model: BD1 

GCS, Marshall CT classification, age, ethnicity, education, and gender.  Table 16 shows the 

independent contributions of each predictor and their associated odds ratios for cluster prediction.  

After all data were entered into the model in the first step, gender was removed from the model in 

the second step because it did not adequately contribute to the predictive power of the model.  In 

the next iteration, ethnicity was removed from the model due to its lack of significance in 

predictive power.  In the fourth step, age was removed, followed by removal of education in the 

last step.  In the final model, only BD1 GCS and worst Marshall CT classification remained in the 

model to predict group membership of patient scores.  The only significant Roa’s score statistic for 

the data was for BD1 GCS, 6.18, p < .05.  All other predictor variables were non-significant.  

However, despite insignificant Roa’s score statistic (p > .05), Marshall CT classification was 

retained in the model. Ultimately, only removing the BD1 GCS from the model would 

significantly reduce the model’s predictive ability.  After 5 steps and removal of insignificant 

variables, the BD1 GCS and worst Marshall CT classification were found to significantly predict 

the group cluster membership (χ
2
 (2) = 5.84, p = < .05).  When only using the BD1 GCS and worst 

Marshall CT classification in combination with the constant, the model correctly predicted 65.1% 
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group membership to Cluster 1, and 61.8% group membership to Cluster 2.  The overall predictive 

accuracy of the model was 63.6%. The absence of collinearity among predictors was determined 

by the criterion of tolerance levels greater than 0.2 and VIF statistics of less than 10 (Field, 2009).  

Tolerance levels and VIF statistics were within appropriate ranges, therefore, this assumption was 

met.    

 Next, a final binary logistic regression model was conducted to assess whether or not BD1 

GCS alone would be associated with the two CRD clusters, in the absence of Marshall CT 

classification which was previously retained in the model, even though it did not significantly 

contribute to the predictive power of the model (see Table 17).  The results of the model indicated 

that the BD1 GCS predicted a significant amount of the variance in clusters (χ
2
 (1) = 5.28, p < .05, 

B = -.16).  When only using the BD1 GCS, the model correctly predicted 62.8% group 

membership to Cluster 1, and 51.4% group membership to Cluster 2.  The overall model predicted 

group membership with 57.7% accuracy.   

Modified Score of Intermittent Performance (M-ScIP) 

 Once again, a binary logistic regression was used to test whether or not the two patient 

cluster groupings derived from M-ScIP scores would be related to injury severity variables when 

demographic variables were taken into account.  Each patient’s performance curve was again 

assigned to one of two clusters, which resulted in a dichotomized dependent variable. The 

predictors were again entered into the model in a backward, stepwise method (Fields, 2009) in the 

following order: BD1 GCS, Marshall CT classification, age, ethnicity, education, and gender.  

Table 18 shows the independent contributions of each predictor and their associated odds ratios for 

cluster prediction. After all data were entered into the model in the first step, ethnicity was 
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removed from the model because it did not adequately contribute to the predictive power of the 

model.  In the next iteration, gender was removed, followed by age and education in subsequent 

iterations.  Only 4 iterations were performed because parameter estimates changed by less than 

.001 at which point SPSS terminated further iterative calculations. In the final model, BD1 GCS 

and worst Marshall CT classification remained in the model to predict group membership of 

patient M-ScIP patterns of scores across trials.  However, none of the predictors were found to be 

significant; consequently, the overall model was not found to significantly predict group cluster 

membership (χ
2
 (3) = 1.855, p >.05).  When only using the BD1 GCS and worst Marshall CT 

classification in combination with the constant, the model correctly predicted 100% group 

membership to Cluster 1, and 0% group membership to Cluster 2.  The overall predictive accuracy 

of the model was 62.4%. No further modeling or analyses were conducted since this model was 

found to be an insignificant predictor of cluster membership based on M-ScIP scores across trials. 

The absence of collinearity among predictors was determined by the criterion of tolerance levels 

greater than 0.2 and VIF statistics of less than 10 (Field, 2009).  Tolerance levels and VIF statistics 

were within appropriate ranges, therefore, this assumption was met.   

Discussion 

 The main focus of the current study was to examine the relationship between injury 

severity predictors with patterns of performance on the PASAT, after demographic characteristics 

had been taken into account. These patterns of performance were derived from the calculation of a 

relatively untraditional method of scoring with limited research, CRD scores, and a method for 

scoring patient performance which was newly developed for the purposes of this study, M-ScIP 

scores. The first objective was to determine whether or not CRD scores on the PASAT would be 

related to injury severity, similar to the way in which dyad scores were predictive of disease course 
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in MS patients (Coo, et al., 2005; Fisk & Archibald, 2000). Previous research (Hane, 2011), based 

on the same patient sample, found that when predictors included BD1 GCS, Marshall CT 

classification, age, ethnicity, education, and gender, the only variable  that neared significance for 

predicting total correct scores on the PASAT was BD1 GCS;  when modeled alone in isolation, 

BD1 GCS was found to account for 5% of the variance in total correct scores, R
2
 = .05, F (1, 76) = 

3.91, p = .052, but fell short of reaching criterion for significance at p < .05. However, when only 

BD1 GCS was included in the present study, the model accounted for 9% of the variance in CRD 

scores, R
2 

= .09, F (1, 76) = 7.45, p < .01*. These findings support the role of CRD scores as being 

a potentially stronger predictive indicator of injury severity than that of total correct responses 

alone.  

Similar statistical analyses to those previously described for CRD scores were performed 

for M-ScIP scores. The model for M-ScIP scores was only significant when predictors BD1 GCS 

and education were included.  Education accounted for more variance in M-ScIP scores (β = -.313, 

p < .01) relative to BD1 GCS (β = -.291, p < .01).  This negative relationship between the predictor 

variables and M-ScIP scores indicates that, as education and GCS scores increased (and severity of 

injury decreased), the M-ScIP scores decreased.  This finding is not surprising, considering that 

Fisk and Archibald (2000) found that patients with more severe forms of neurodegenerative 

disease generally produced fewer consecutive correct responses than controls, hence the 

performance of those with more severe brain deterioration/damage would be more likely to mimic 

that of a continuous skipping response pattern.  

 The next part of this study was devoted to an exploratory analysis for the detection of 

patterns of performance across trials of the PASAT.  The results of a cluster analysis divided 

patient performance curves for CRD scores into two “clusters.”  This division is a result of the 
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segregation of the relatively positively trended curves (n = 45) from the relatively negatively 

trended curves (n = 36).  Patterns of performance for M-ScIP scores were also analyzed within the 

context of a cluster analysis.  Two clusters emerged, in which one trended upward (n = 53), and the 

other tended to trend downward (n = 28). An examination of the relationship between injury 

severity variables and the previously determined CRD clusters (while taking demographic 

variables into account), showed that only BD1 GCS was a significant predictor of cluster 

membership (χ
2
 (1) = 5.28, p < .05).  No other injury severity or demographic variables were found 

to be of significance.  The binary logistic regression for M-ScIP scores failed to reveal that any of 

the predictor variables were predictive of cluster membership. Consequently, no additional 

modeling was performed with these variables.   

 Throughout these various analyses, BD1 GCS emerged most frequently as a significant 

predictor of patient scores on the PASAT (for both CRD scores and M-ScIP scores) and for 

patterns of performance across trials of the PASAT, when clusters were derived from CRD scores. 

It is unclear why BD1 GCS was found to be predictive of raw M-ScIP scores, but did not reach 

significance as a predictor of cluster groupings on the basis of M-ScIP scores. The relatively small 

sample size included in this study did not permit the identified clusters to be further divided into 

what may have been more parsimonious and distinctive cluster groupings. Consequently, future 

research that includes larger samples sizes may be able to further divide clusters into more 

disparate groupings, thereby allowing for the emergence of relationships that may be currently 

suppressed.  

 Just as it was expected that BD1 GCS would likely be related to PASAT performance, it 

was also not surprising that education was found to be a significant predictor of PASAT scores. 

Education was initially found to be significant in the full model for CRD scores. However, when it 
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was included with only BD1 GCS, it was excluded from the final model due to a lack of 

significance (p = .07). To our knowledge, no research currently exists to explain the relationship 

between CRD scores and education. However, some research has been conducted to demonstrate a 

relatively consistently relationship between education and  traditional correct responses on the 

PASAT (Stuss et al., 1987; Wiens et al, 1997; Diehr et al, 1998).  However, Wiens, Fuller, and 

Crossen (1997) found that intelligence scores, and not education, were significantly related to 

PASAT correct responses. Since CRD scores are highly correlated with correct responses, and 

have been supported as being a superior indicator of true performance on the PASAT (Fisk & 

Archibald, 2001; Snyder, Caperelli, et al., 2001), it would appear likely that CRD scores would be 

equally, if not more highly correlated, with education than traditional correct responses. The idea 

that education would be related to PASAT performance is very plausible, considering that the 

PASAT requires mathematical skills that may not be highly developed in individuals who have 

little or no education. The majority of the sample included in this study graduated from high school 

(63.4%), suggesting adequate exposure to mathematical coursework necessary for mathematical 

fluency/automatic processing of simple addition. Of those that did not complete a high school 

education, 1 participant dropped out of school after the 7
th

 grade, 5 participants only completed the 

8
th

 grade, 9 completed 9
th

 grade, 11 completed 10
th

 grade, and 10 completed 11
th

 grade. While 

these individuals may not possess the same mastery of mathematical concepts that might be 

expected of those with higher educations, they would still be expected to have developed basic 

mathematical skills necessary to automatically perform basic addition calculations. This may be 

why education failed to reach significance as a predictor of CRD scores in the final model. Perhaps 

a larger sample with a more diverse spread of education would have yielded more significant 

results.  
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 It is unclear why education emerged as a significant predictor of M-ScIP scores, when it 

failed to demonstrate significance with CRD scores. In fact, education (β = -.31, p < .01) was 

found to be a better predictor of M-ScIP scores than BD1 GCS (β = -.29, p < .01). Since the M-

ScIP score is derived from combining both correct and incorrect responses in order to isolate the 

omissions, it is possible that educational attainment was more closely related to one’s ability to 

attempt to provide consecutive responses (whether correct or incorrect) over and above one’s 

ability or willingness to generate consecutive correct responses. In other words, those with higher 

educations were less likely to consistently skip items, and more likely to at least attempt to provide 

a response than those with lower educational attainment.  

Study Strengths and Limitations 

 The strengths of this study include controlling for several indicators of injury severity, 

sampling from an ethnically heterogeneous population, and accounting for several demographic 

variables within the sample.  The injury severity variables used in this study each measure brain 

injury severity from somewhat different approaches.  The BD1 GCS involves measurement of 

varying degrees of consciousness (as detected by verbal, eye, and motor responses).  In contrast, 

the worst Marshall CT classification is based on intracranial abnormalities of anatomical brain 

structures that can be visually detected on CT scans.  The combination of injury severity measures 

used in this study provides a more comprehensive measurement of injury severity involving not 

one but two distinct indicators of injury severity.  While there is some debate regarding which 

variables are most predictive of outcome following brain injury, the choice of variables used in this 

study was based on the previous TBI research of Cifu, et al., (1997), and Thatcher, Cantor, 

McAlaster, Geisler, and Krause, (1991).    
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A main weakness of this study was the relatively small sample size (n = 81).  After missing 

data from all of the variables was taken into account, the sample size decreased to n = 73.  It is 

possible that the frequency with which we did not find significant relationships between injury 

severity predictors and M-ScIP cluster analyses could be related to the small patient sample from 

which this data was drawn.  Considering that the PASAT is often regarded as one of the more 

cognitively challenging neuropsychological tests, it would follow that individuals who were early 

in the process of recovering from brain damage at three months post injury may have been less 

likely to complete the PASAT than they would have been able to complete other, less challenging 

tests.  In other words, the patients that were included in this study at 3 months post injury were all 

able to complete the PASAT in entirety (see Appendix H).  Consequently, these patients may 

represent a unique subsample of the patient population that does not reflect the range of injury 

severity found in the true patient population.  The characteristics of this patient sample may have 

affected the results of this study by suppressing the relationship commonly seen between severity 

of injury and test performance.  In order to justify this claim, the patient data for 3 months post 

injury was examined to determine why other patients that were tested at this same time point did 

not complete the PASAT.  Of the patients that were tested with a full neuropsychological 

examination at 3 months post injury, 101 patients did not complete the PASAT in entirety and 

were not included in our study.  An examination of the reliability codes (see Appendix I) revealed 

that 60 patients were coded as “4- patient attempted, abilities excused.”  By looking at the 

associated impairment codes (see Appendix J), it was possible to then determine the cause of why 

these patients were “excused” from testing.  The data showed that 53 of the initial 60 patients were 

coded as a “7- Patient unable to understand instructions not due to aphasia or acute confusional 

state.”  In other words, the majority of these patients were unable to comprehend the test, thereby 
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suggesting the possibility that these patients were too cognitively impaired to complete the 

PASAT.  Additionally, 8 patients were coded as a “5” on the reliability codes, which indicated that 

the patient attempted the test and then refused or became unresponsive.  Seven patients were 

unable to complete the PASAT due to endotracheal entubation or tracheostomy and were assigned 

a reliability code of “6.”  Nineteen patients did not have the PASAT administered to them for 

unknown reasons and were given a corresponding reliability code of “9.”   

Based on this information about the full patient sample, it may be suggested that future 

research based on this patient data should focus on implementation of the reliability and test 

completion codes as predictors of injury severity.  In fact, such studies are currently underway (H. 

J. Hannay, personal communication, August 2013).  Pastorek, Hannay, and Contant (2006) found 

that in some instances, reliability codes can predict a patient’s injury severity above and beyond 

other predictors. It may be advisable to duplicate this research with patients that completed the 

PASAT at 6 months post injury in order to see if a stronger relationship between injury severity 

variables and PASAT scores emerge when the patients have had more time to recover.  

Additionally, examining patient data at a later time point (e.g., 6 months post injury) may provide 

a wider range of injury severity. 

Other recommendations for future research concern the frequency with which individuals 

were found to skip the first item of an individual PASAT trial. In fact, over 10% of the patient 

population omitted first item responses on trials 3 and/or 4. It is possible that patients who tend to 

omit first item responses on any trial of the PASAT may be succumbing to subtle deficits of task 

initiation. Alternatively, since trials 3 and 4 present digits at a faster rate of presentation, it is also 

possible that first item omissions may be reflective of not only a problem of task initiation, but also 

slowed processing speed which would prevent them from quickly providing their first response 
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before the next stimulus item is presented. It may be recommended that future research focus on 

partitioning out participants that omit first item responses from those that do not. It is possible that 

patients who omit first item responses may have incurred more severe injury, thereby revealing yet 

another indicator of brain injury severity.  

Finally, our small sample size may have affected the cluster analysis by limiting the 

number of clusters that were derived from the data. The data for this study were only divided into 

two clusters in an attempt to avoid violations of the hessian matrix in subsequent analyses. As 

previously mentioned, using a larger sample size may have enabled the emergence of more clusters 

that consisted of more distinct and disparate performance patterns. If we had been able to include 

more than two groupings in the logistic analyses, it is possible that other significant relationships 

would have emerged. 
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Appendices 

 

Appendix A: PASAT Instructions 

Verbal Instructions Given to the Patient: “I am going to ask you to listen to a recording.  On this 

tape, you will hear some numbers.  The numbers will only be from 1 to 9.  You will hear a number followed 

by a short pause, another number, a short pause, and so on.  Please add the first number and the second 

number and then say out loud the total.  When you hear the third number, add it only to the second number 

and tell me the total.  Remember, add each number to the immediately preceding number.  Let’s do some 

examples for practice.”  Present the following series of numbers slowly and correct any errors made by the 

patient.  Training should continue until the patient gives at least 3 correct responses in at least 1 practice 

series.  The examiner can create additional series as needed.  The examiner may also write-out the practice 

series to explain it to the subject if necessary.  Subjects should be reminded not to keep running total.  If a 

subject is unable to provide a correct response to any of the trials in the practice series, discontinue this test. 

 

Practice Series A Practice Series B Practice Series C Practice Series D 

1- - - - - Response 3- - - - - Response 6- - - - - Response 4- - - - - Response 

2- - - - -      3  5- - - - -      8  3- - - - -      9  9- - - - -      13 

3- - - - -      5  4- - - - -      9  7- - - - -      10  5- - - - -      14 

4- - - - -      7  2- - - - -      6  1- - - - -      8  2- - - - -      7 

 

Additional Verbal Instructions:  “ Very good.  We will now begin the tape recorded series.  Please say your 

answers quickly and indicate your answer before the next number is presented.  If you lose your place and 

stop, try to resume your addition as soon as possible.  Everyone finds that they have trouble keeping up as 

the numbers get faster.  Just do your best.”  (Begin Test) 
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Appendix B:  PASAT Response Form, Levin Version 
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Appendix C: Demonstration of PASAT Scoring Methods 

    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

9 ---- ---- 

1 10 10_ 

4 5 5__ 

2 6 6__ 

8 10 ___ 

6 14 10_ 

5 11 ___ 

3 8 ___ 

4 7 7__ 

9 13 ___ 

1 10 10_ 

3 4 9__ 

6 9 9__ 

8 14 ___ 

2 10 ___ 

5 7 7__ 

1 6 6__ 

8 9 ___ 

6 14 14_ 

9 15 15_ 

2 11 11_ 

4 6 ___ 

3 7 7__ 

5 8 8__ 

6 11 11_ 

5 11 11_ 

Correct 

Responses 

Omissions Incorrect 

Responses 

Correct 

Response 

Dyads 

---- ---- ----  

x    

x   x 

x   x 

 x   

  x  

 x   

 x   

x    

 x   

x    

  x x 

x   x 

 x   

 x   

x    

x   x 

 x   

x    

x   x 

x   x 

    

x    

x   x 

x   x 

x   x 
Totals: 15 7 2 10 

Series 1 
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Appendix D. Examination of the original Gonzalez et al. (2006) ScIP equation for Maximum and  

Minimum skip scores. 

 

Original Gonzalez ScIP Equation (full PASAT) =  
       

  
       

Minimum ScIP Score (when every item is a correct response across the entirety of the PASAT): 

 Where… 

 TC = 196 (maximum number of correct responses when no items are skipped) 

 TD = 192 (maximum number of dyads when no items are skipped)  

ScIP (full PASAT) =  
         

  
      = 3.125% 

Maximum ScIP Score (when every other item is skipped across the entirety of the PASAT):  

Where… 

TC = 100 (maximum number of correct responses when every other item is skipped) 

TD = 0 (maximum number of dyads when every other item is skipped) 

Max ScIP (full PASAT) =  
       

  
      = 103.125% 
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Appendix E. The Corrected ScIP Equation (Single Trial); Minimum and Maximum Scores: 

ScIP (Single Trial):  
       

  
      

A minimum ScIP score would be obtained when a perfect score on a single trial of the PASAT is 

achieved, resulting in 49 correct responses, and 48 dyads. Therefore, the minimum ScIP score can 

be obtained by substituting these values for the TC and TD variables in the single trial ScIP 

equation as follows:  

Min ScIP (Single Trial) =  
       

  
      = 0 % 

Conceptually, the minimum ScIP score of 0 % would be expected in the above example, since no 

items were skipped within the trial.  

Alternatively, when every other item is consistently skipped (after correctly responding to 

the first item in the trial) on a single trial, 25 correct responses, and 0 dyads would result.  Again, 

these values could be substituted into the single trial ScIP equation and would result in the 

following: 

Max ScIP (single trial) =  
      

  
      = 100% 

The maximum ScIP score of 100% would be expected in this example, since items were 

consistently skipped across 100% of the trial.  
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Appendix F. Corrected ScIP Equation (full PASAT); Minimum and Maximum Scores 

Corrected ScIP (Full PASAT) =  
       

  
       

The following score would be obtained when no items are skipped across the entire 

PASAT, thus providing the minimum ScIP score that would result from the corrected ScIP 

equation.  

Corrected Min ScIP (Full PASAT) =  
         

  
      = 0 % 

When every other item is consistently skipped (after correctly responding to the first item 

in the trial) across all four trials of the PASAT, 100 correct responses, and 0 dyads would result.  

When substituting these values into the corrected ScIP equation, the following maximum ScIP 

score will follow: 

Corrected Max ScIP (Full PASAT) =  
       

  
      = 100% 
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Appendix G. Exploratory Cluster Analysis for the Development of Dependent Measures for 

Hypothesis 2: 

The dependent variables used in Hypothesis 2 were derived from a cluster analysis for 

functional data (conducted in the statistical program R, version 2.12.1, 2010) which categorized 

individual patient performance across PASAT trials one through four, separately for each 

dependent measure, correct response dyads (CRD) and M-ScIP scores.  Cluster analysis is a 

method for finding groups within a set of data in which data points that fall in the same cluster 

should be similar, and points in disjoint clusters should be dissimilar and distinct from one another.  

This type of analysis uniquely accounts for longitudinal data points across time by using curves or 

trajectories for each subject’s scores.   

In order to determine the number of clusters that should be found within each set of data, a 

non-parametric method for choosing the number of clusters based on distortion is employed, 

according to the techniques described by Sugar and James (2003).  Distortion is defined as a 

quantity that measures the average distance, per dimension, between each observation and its 

closest cluster center. For these analyses, the term “dimension” refers to each time point (e.g., trial 

one, two, three, and four of the PASAT).  For a large class of distributions, the distortion curve, 

when transformed to an appropriate negative power, will exhibit a sharp jump at the “true” number 

of clusters.  This jump in the number of clusters is the point at which the model identifies a 

specific number of clusters for the data.  The ability of the model to correct distortion in the data is 

dependent upon the amount of transformation power that is used.  For example, a large amount of 

distortion can be corrected by a large transformation power.  This basic procedure for defining a 

number of clusters in a set of data is referred to by Sugar and James (2003) as the “jump method.”   
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For our data, a term for the transformation power was applied to each patient’s data.  The 

transformation power term typically used for a set of data is represented in the form of y = p/2, 

where p is the number of data points (e.g., scores for each trial one through four) and y is the 

transformation power.  However, this theory is based on the assumption of independence between 

data points.  Due to the fact that the PASAT data points across trials are dependent, smaller 

transformation power was necessary (y < p/2), and was individually calculated for each set of data.  

The decision process used to determine the number of clusters involved an inspection of the 

“jumps” graph that resulted from application of the transformation power to the data.  The jumps 

graph provided the recommended number of clusters for the data, based upon an analysis of the 

discrepancy between the various groups.  The point at which the clusters were most distinct from 

one another was the point at which the number of clusters was set for this study.  For instance, if 

the clusters were most distinct when there were only two clusters, this would be the recommended 

number of clusters for the model.  The numbers of clusters beyond those set by the analysis 

generally have significantly smaller jumps, indicating that there is no evidence of further sub-

clusters within the data. However, a previous study that employed the same methodology to the 

identical patient sample (Hane, 2011) found that the number of possible clusters was limited by the 

sample size. Consequently only 2 clusters could be identified within the data in order to prevent 

violations of the hessian matrix. The number of clusters used in this study was also limited to two 

in order to avoid such violations.  

Once it had been determined that each patient’s data would be divided into one of two 

clusters, a cluster analysis was performed on each set of data for all 81 patients so that each patient 

would be assigned to a cluster based upon characteristics of  their score profile across trials.  The 

cluster analyses began with standardization of the scores by removing the y-intercept from the first 
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time point (e.g., trial 1) for all patients so that the effect of either higher or lower starting points 

could be removed.  In other words, each patient started at the same .00 point along the y-axis for 

his/her first score (and also 0.0 on the abscissa).  Next, a spline curve was fitted to the four 

standardized scores for each individual patient.  The curve for each patient was then assigned to a 

particular cluster based on an iterative process in which a the curve was either added to or 

subtracted from a group according to the resulting distance of the patient’s curve from the mean 

curve for a particular group (James & Sugar, 2003).   

For this set of data, the tuning parameter initially used to control the degrees of the curve 

appeared to over-fit the data. The resulting graph was curvilinear, but the graphs that resulted from 

this analysis for CRD scores depicted all patient cases as trending upward across trials, suggesting 

that CRD scores improved across trials of the PASAT. Inspection of the raw data demonstrated an 

entirely different trend; scores for CRD tended to decrease across trials, as trials became more 

challenging due to decreasing ISI. Consequently, the graph depicting increasing values across time 

points clearly did not fit with our data, suggesting that our tuning parameter needed to be 

decreased.  When the tuning parameter was reduced, the graphical representation of the data 

became linear and demonstrated the expected downward trend for CRD scores across trials.  The 

graphical presentation of M-ScIP scores was widely dispersed, encompassing both increasing and 

decreasing trends for patient M-ScIP scores, which appears to be consistent with the raw data.  
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Appendix G.  Test Completion Codes 
Code Descriptions 

(for measures done with the patient) 

 

 

Test Completion Codes 

0= Fully completed. 

 The test and/or battery was completely administered. 

 

Unable to complete because: 

 

1=Patient with acute confusional state, unable to follow motor commands, or unable to arouse.  This applies 

to any situation where the testing is not fully administered due to level of arousal problems that are 

not due to specific medical complications. 

 

2= Patient with medical complications. 

 This includes such situations as high fever, respiratory problems, vomiting, etc. 

 

3=Patient refused testing or not responsive (not due to 1 or 2). 

 If patient refuses all or any part of the testing, code it here. 

 

4=Patient not available. 

If you are unable to reach the patient due to scheduled therapies, medical interventions, etc., code it 

here. 

 

5=Examiner not available. 

 If you are ill or unable to come to the hospital for other reasons, document that and code it here. 

 

6=Patient with endotracheal entubation or tracheostomy. 

 If all of the testing cannot be completed and the patient is trached or intubated, code that here. 

 

7=Patient unable to understand instructions not due to aphasia or acute confusional state. 

 

8= Not applicable (e.g., can’t administer the CHART because the patient is in the hospital, or Test not part 

of the battery yet.) 

 

9= Unknown. 

 

10= Patient not consented. 

 

11= Patient cannot complete the test because he/she is illiterate. 

 

12= Patient actively psychotic and test not administered. 
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Appendix H. Reliability Codes 
Code Descriptions 

(for measures done with the patient) 

 

 

Reliability Codes 

 

1= Standard procedure 

 Tests administered in standard fashion.  Multiple choice presentation of the GOAT should be 

considered to be standard procedure as the multiple choice format is part of standard administration 

instructions under certain conditions and will be coded under the GOAT administration column.  

 

2=Irregular procedure, reliability affected minor. 

 If there are minor irregularities present in test administration, these should be coded as 2.  Examples 

of such irregularities include presenting items out of order, providing multiple choice options on the 

GOAT to speaking patients with comprehension/impulsivity problems, and interrupting test 

administration due to nursing interventions (if the test is not a memory test).  

 

3=Irregular procedure, unreliable. 

If there are wide variations from standard test administration that are likely to affect the results of 

the test, they should be coded here.  Examples of situations where this code applies include failing 

to time tests, testing the patient on visual tests without corrective lenses, interrupting memory tests 

or other tests with a timing component.   

 

4=Patient attempted, abilities excused. 

If patient tried to cooperate with the task, but was unable to complete the test, it should be coded 

here.  Reasons for this inability include failure to understand task demands, medical complications, 

fatigue, etc.  (Many of these reasons will be further explained in the impairment codes).   

 

5=Patient attempted, then refused testing or became unresponsive. 

 If patient begins testing then refuses to complete the task, it should be coded here. 

 

6=Patient refused testing or was unresponsive. 

 If patient will not even attempt the task, it should be coded here. 

 

7=Not administered. 

This code should only be used if the test is not presented to the patient.  If the patient has had the 

tasks explained to him/her and then does not complete the task, it should be coded as either 4, 5, or 

6- not as 7.  

 

8=Not applicable (e.g., can’t administer the CHART because the patient is in the hospital).  

 

9= OK. 

 

10= Dead. 

 

 

 

 

 

Appendix J. Impairment Codes 
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     Code Description 

    (for Measures done with the Patient) 

 

Impairment Codes 

(9 should be used when no impairments are noted.  There can be up to three codes for any one test, but only 

codes that apply to the patient’s performance on the test under consideration should be used.) 

 

0= Confusional State. 

If the patient is so confused that he/she is unable to respond to test requirements, code here. 

 

1= Vision. 

If the patient has problems with vision that affect his/her performance on visual tasks, it should be coded 

here.  This includes patients who are tested without their corrective lenses and patients who have double 

vision or loss of vision due to trauma. 

 

2= Hearing. 

If the patient has problems with vision that affect his/her performance on auditory tasks, code here. 

 

3= Right or Left Hand. 

If the patient has difficulty using the right or left hand due to paresis or other reasons which interfere with 

task performance, code here.   

 

4= Nonpreferred Hand. 

If the patient is required to use his/her nonpreferred hand on written tasks, code here.  This code it given in 

addition to 3 if the patient is having to use his/her nonpreferred hand for that task.  

 

5= Language Comprehension. 

If the patient is unable to understand written or oral speech due to a language problem, code here.  This 

should only be used for aphasic disturbances.  If the patient has difficulty understanding directions to a 

particular test, but has no difficulty with other test instructions, code this in the reliability codes as a 4; DO 

NOT code this case as a language comprehension problem.   

 

6= Oral Expression. 

If the patient is unable to speak clearly due to dysarthria or is unable to speak due to an aphasic disturbance, 

or if the patient’s voice is inaudible, code here.  If the patient is unable to speak because of entubation or 

tracheostomy – code this under the test completion code as a 6: DO NOT code this case as an oral 

expression problem.  

 

7= Extreme Fatigue. 

If the patient is unable to remain awake during testing, code here. 

 

8= Agitation. 

If the patient is highly agitated and unable to complete tests, code here. 

 

9= None. 

 

10 = Not applicable 

 

11= Patient actively psychotic 
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Tables 

 

Table 1.  Initial Sample Demographics  (N=81) 

 

 n %  

Gender    

     Male 63 77.8   

     Female 18 22.2  

Race    

     Hispanic 23 28.4  

     Non-Hispanic White 41 50.6  

     Black 15 18.5  

     Asian 2 2.5  

Mechanism of Injury    

     Motor Vehicle Accident 39 48.1  

     Assault 8 9.9  

     Truck 1 1.2  

     Recreational Vehicle 1 1.2  

     Fall/Jump 13 16  

     Bicycle 2 2.5  

     Motorcycle 5 6.2  

     Hit by Falling Object 4 4.9  

     Gunshot wound 5 6.2  

     Unknown 3 3.7  

Best Day 1 GCS Total    

     GCS 3-5  2 2.5  

     GCS 6-8  22 27.2  

     GCS 9-12  20 24.7  

     GCS 13-15  34 42  

     Missing 

 

 3 3.7  

    

Worst CT scan    

n 

 

% 

 

     D1/D2 46 56.8  

     D3/D4 18 22.2  

     M1/M2 16 19.8  

Missing 1 1.2  

           Mean     (SD) Median  Range 

Age (years)                27.26     10.12     25 44 (15-59) 

Education (years)      11.78       2.41     12   13 (7-20) 
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Table 2. Examination of Normality and Homogeneity of Variance for Age and Education within 

Levels of BD1 GCS, Marshall CT Classification, and Ethnicity 

 
 Shapiro-Wilk Test 

(Normality)  

Levene’s  Test 

(Homogeneity) 

   Statistic df p-value Statistic df1,df2 p-value 

 

Age 

 

BD1 GCS 

3-8 .822* 23 .001  

.503 

 

2,72 

 

.607 9-12 .907 20 .056 

13-15 .925* 32 .028 

 

Education 

 

BD1 GCS 

3-8 .918 23 .060  

.128 

 

2,72 

 

.880 9-12 .928 20 .144 

13-15 .907* 32 .009 

 

Age 

 

Marshall CT  

D1/D2 .885* 42 .001  

1.56 

 

2,72 

 

.217 D3/D4 .923 17 .167 

M1/M2 .908 16 .109 

 

Education 

 

Marshall CT 

D1/D2 .938* 42 .000  

.060 

 

2,72 

 

.942 D3.D4 .924 17 .174 

M1/M2 .926 16 .208 

 

 

Age 

 

 

Ethnicity 

Non-

Hispanic 

White 

.909* 39 .004  

 

3.665* 

 

 

2,72 

 

 

.030 

Black .947 14 .511 

Hispanic .895* 22 .024 

 

 

Education 

 

 

Ethnicity 

Non-

Hispanic 

White 

.930 39 .185  

 

2.546 

 

 

2,72 

 

 

.085 

Black .930 14 .306 

Hispanic .944 22 .239 

* p <.05 indicates violations of assumptions 
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Table 3.  Analysis of Participant Demographics within Levels of BD1 GCS 

 
                                         GCS 3-8 (N = 24)               GCS 9-12 (N = 20)           GCS 13-15 (N = 32) 

                                

                                       M (SD)           # (%)           M(SD)           # (%)          M(SD)           # (%)                       

 

Age (years)                  23.75 (8.593)                       28.80 (10.571)             27.88 (9.354)                  H(2) = .4.35,  p =  .114 

                                    (Range: 15-54)                     (Range: 15-53)            (Range: 15-38)                                      η2 = .058 

 

Education (years)        11.79 (2.226)                      12.25 (2.245)                 11.50 (2.733)                  H(2)= 2,74,  p =  .254 

                                    (Range: 8-15)                      (Range: 9-16)               (Range: 7-20) )                                      η2 = .037 

Gender 

                     Male                              17 (70.8)                             16 (80.0)                           26 (81.25) 

                     Female                           7 (29.2)                                 4 (20.0)                            6 (18.75) 

                                                                                                             Freeman-Halton extension of Fisher’s exact  p = .608 

                                                                                                                                                                Phi Effect size = .121  

Ethnicity                                                                                                                  

                    Non-Hispanic White      17 (70.8)                             11 (55)                          12 (37.5) 

                    African America             2 (8.3)                                  4 (20)                           8 (25) 

                    Hispanic                          5 (20.8)                                5 (25)                          12 (37.5) 

       Freeman-Halton extension of Fisher’s exact p = .167 

                                                                                                                                                                  Phi Effect size = .292                                                                                                                                                      
_____________________________________________________________________________________________________________________C

omparisons significant at an alpha level of  < .05. Total N = 76, as 3 participants were not included in these analyses because their GCS scores were 

not available. The Freeman-Halton extension of Fisher’s exact test p-values are recommended  instead of Chi-squared test statistics in cases where 

one or more cells contained fewer than 5 observations, and when the contingency table is greater than 2x2 . Percentages were calculated per 

variable, within each level of BD1 GCS.  
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Table 4. Analysis of Participant Demographics within Levels of Worst Marshall CT Classification 

 
                                        D1/D2 (N =44)               D3/D4 (N = 18)                M1/M2(N = 16) 

                                

                                     M(SD)           # (%)           M(SD)           # (%)          M(SD)           # (%)                               

 

Age (years)                  27.9 (10.8)                        27.5 (11.4)                       25.3 (6.6)                  H(2) = .148,  p = .928 

                                   (Range: 15-58)                   (Range: 15-59)                (Range: 17-36)                               η2 = .002 

 

Education (years)        12.26 (2.44)                     10.78 (2.2)                        11.5 (2.4)                  H(2)  = 5.07  p = .079  

                                   (Range: 8-20)                    (Range: 7-15)                   (Range: 8-16)                               η2 = .066 

 

Gender 

                      Male                           33 (75.0)                            14 (77.8)                         13(81.2) 

                     Female                         11 (25.0)                             4 (22.2)                           3(18.8) 

                                                                                                            

                                                                                                     Freeman-Halton extension of Fisher’s exact, p = 1.00              

                                                                                                                                                        Phi Effect size = .048 

 

Ethnicity                                                                                                                  

                 Non-Hispanic white         20 (45.5)                           10 (55.6)                         10 (62.5) 

                    AA                                  9 (20.5)                             4 (22.2)                           2 (12.5) 

                    Hispanic                       15 (34.1)                             4 (22.2)                            4 (25.0) 

                                                                                                      Freeman-Halton extension of Fisher’s exact p = .766 

                     Phi Effect size = .160                   

________________________________________________________________________________________________________C

omparisons significant at an alpha level of  < .05. Total N= 78, as one participant was not included in these analyses because Marshall CT scores 

were not available. The Freeman-Halton extension of Fisher’s exact test p-values are recommended instead of Chi-squared test statistics in cases 

where one or more cells contained fewer than 5 observations, and when the contingency table is greater than 2x2 . Percentages were calculated per 

variable, within each level of Worst Marshall CT Classification.  
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Table 5. Analysis of Participant Demographics and Injury Severity within Each Ethnic Group  

 
                     Non-Hispanic White (N=41)             Black (N=15)                  Hispanic (N=23) 

                                

                                       M (SD)          #(%)                  M(SD)             #(%)             M(SD)        #(%)                        

 

Age (years)                  29.17 (10.92)                       30.27 (10.853)                      21.70 (5.827)      H(2) = 10.79*, p =  .005                                    

                                    (Range: 15-58)                     (Range: 15-59)                   (Range: 15-38)                              η2 = .138           

                                                                                                                                                                 

 

Education (years)        12.34 (2.614)                      10.67 (2.059)                          11.17 (1.696)       H(2)= 6.09*,  p =  ..048 

                                    (Range: 8-20)                      (Range: 7-15)                        (Range: 8-14)                              η2 = .078            

                                                                                                                                                                

Gender 

                      Male                           30 (73.17)                            13 (86.67)                         18 (78.26) 

                     Female                         11 (26.83)                             2 (13.33)                           5 (21.74)                                                                                                      

                                                                                                             Freeman-Halton extension of Fisher’s exact, p = .634              

                                                                                                                                                                Phi Effect size = .121 

 

BD1 GCS                    1.875 (.853)                      2.428(.756)                               2.318(.839)         H(2)=6.221*, p = .045 

 

                                                                                                                                                                                 η2 = .083 

 

Marshall CT               1.75 (.8397)                         1.533 (.7432)                          1.52(.790)             H (2) =.1.53, p=.465 

                                                                                                                                                                                η2 = .020 

                                                                                                                                                                
Comparisons significant at an alpha level of  < .05. Total N= 79, except when analyses included BD1 GCS (N=76), or Marshall CT Classification 

(N=78). The Freeman-Halton extension of Fisher’s exact test p-values are recommended instead of Chi-squared test statistics in cases where one or 

more cells contained fewer than 5 observations, and when the contingency table is greater than 2x2 . Percentages were calculated per variable, 

within each level of ethnicity.  
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Table 6. Follow-up Games-Howell Test for Multiple Comparisons of Ethnic groups for 

Each Dependent Variable 

 

 
  Non-Hispanic White Black Hispanic 

 

 

 

 

Age 

Non-Hispanic White -- -- -- 

Black Mean Diff = -1.096 

 p = .940 

d = -.113 

 

-- 

 

-- 

Hispanic Mean Diff = 7.475* 

p = .002 

d = .770 

Mean Diff = -8.571* 

p = .029 

d= .883 

 

-- 

Education  Non-Hispanic White -- -- -- 

Black Mean Diff = 1.675* 

p = .046 

d = .734 

 

-- 

 

-- 

Hispanic Mean Diff = -1.168 

p = .086 

d = .512 

Mean Diff = .507 

p = .710 

d = -.222 

 

-- 

 

BD1 GCS 

Non-Hispanic White -- -- -- 

Black Mean Diff = .554 

p = .077 

d= -.666 

 

-- 

 

-- 

Hispanic Mean Diff = .443 

p = .129 

d = -.532 

Mean Diff = -.110 

p = .912 

d = -.132 

 

-- 

Significant at p <.05. d = Cohen’s d measure of effect size.  
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Table 7. Glasgow Coma Scale (GCS) Table 

 

Glasgow Coma Scale (GCS) Acute Assessment 

 

Eye Opening 

4  Opens eyes Spontaneously 

3 Opens eyes on command 

2 Opens eyes to painful stimuli 

1 No eye response 

Verbal Response 

5 Oriented conversation 

4 Confused speech 

3 Inappropriate words 

2 Incomprehensible sounds (e.g., groans) 

1 None 

Motor response 

6 Obeys simple commands 

5 Localizes to pain 

4  Normal Flexion/Withdraw to pain  

3 Abnormal flexion to pain 

2 Extension to pain 

1 None 
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Table 8. Marshall CT Classification System 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Marshall CT Classification System 

 

Marshall Class Abnormalities Present 

Diffuse Injury I No visible intracranial pathology seen on CT scan 

Diffuse Injury II Cisterns are present with midline shift of 0–5 mm and/or 

lesion densities present; no high or mixed density lesion > 25 

c
c
 may include bone fragments and foreign bodies 

Diffuse Injury III (swelling) Cisterns compressed or absent with midline shift of 

0–5mm; no high or mixed density lesion> 25 cc 

Diffuse Injury IV Midline shift >5 mm; no high or mixed density lesion >25 cc 

Evacuated Mass Lesion V Any lesion >25 cc surgically evacuated 

Non-evacuated Mass VI  High or mixed density lesion >25 cc; mass lesion not 

surgically evacuated 
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Table 9. Spearman’s Correlation Matrix of Outcome Variables with Associated P-values 

 

 M-ScIP Scores Dyad Scores 

M-ScIP Scores ---  

Dyad Scores rho = -.83** 

p = .000 

--- 

Note: *p<.05, **p<.01 

 

 

Table 10. Spearman’s Correlation Matrix of Predictor Variables with Associated P-values 

 
 Age Education BD1 GCS Worst 

Marshal

l CT 

Age 

 

---    

Education 

 

rho = .350** 

p= .001 

---   

BD1 GCS 

 

rho = .209 

p = .066 

rho = -.093 

p = .418 

---  

Worst Marshall CT rho = -.050 

p= .657 

rho = -.219 

p = .051 

rho = -.169 

p = .142 

--- 

Note: *p<.05, **p<.01, two-tailed 

 

 

 

 

 

 

 



 
 

83 
 

Table 11. Initial Model for Predicting CRD Scores at 3 Months Post Injury with BD1 GCS, Worst 

Marshall CT Classification, Age, Ethnicity, Education and Gender 

 R
2 

Adjusted R
2 

R
2 

Change 

Step 1 .10 .088  

 B β t p 

BD1 GCS 3.802 .315 2.879 .005* 

Step 2 .174  .091 .075,  p =.057 

 B β t p 

BD1 GCS 4.376 .363 3.009 .004* 

Age -.682 -.157 -1.233 .222 

Ethnicity 

Non-Hispanic white vs. Black 

Non-Hispanic white vs. Hispanic 

Non-Hispanic white vs. Asian 

 

6.619 

-4.101 

-30.700 

 

.062 

-.045 

-.118 

 

.502 

-.344 

-.999 

 

.617 

.732 

.321 

Education 5.146 .304 2.373 .020 

Gender 

Male vs. Female 

 

-5.281 

 

-.053 

 

-.460 

 

.647 

Note: Worst CT scan was included in the mode, but was excluded in the first step.  Ethnicity was 

dummy coded into three separate variables using Non-Hispanic Whites as a reference category.   

Gender was also dummy coded with males as the reference category.   

*p<.05, **p<.01 
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Table 12. Second Model for Predicting CRD scores at 3 Months Post Injury with BD1 GCS and 

Education. 

 R
2 

Adjusted R
2 

R
2 

Change 

Step 1 .089 .077  

 B β t p 

BD1 GCS 3.605 .299 2.730 .008 

Step 2 .13  .107 .041,  p =.065 

 B β t p 

BD1 GCS 3.672 .304 2.825 .006* 

Education 3.438 .202 1.875 .065 

*p<.05, **p<.01 

 

Table 13. Final Model for Predicting CRD scores at 3 Months Post Injury w BD1 GCS 

 

 R
2 

Adjusted R
2 

R
2 

Change 

Step 1 .089 .077  

 B β t p 

BD1 GCS 3.605 .299 2.730 .008 

*p<.05, **p<.01 
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Table 14. Initial Model for Predicting M-ScIP Scores at 3 Months Post Injury with BD1 GCS, 

Worst Marshall CT Classification, Age,  Ethnicity, Education, and Gender 

 R
2 

Adjusted R
2 

R
2 

Change 

Step 1 .146 .111  

 B β t p 

BD1 GCS -1.378 .-.273 -2.469 .016* 

Worst CT Scan 

D3/D4 vs. D1/D2 

M1/M2 vs. D1/D2 

 

8.564 

-3.952 

 

.204 

-.092 

 

1.788 

-.812 

 

.078 

.420 

Step 2 .266  .167 .120,  p =.108 

 B β t p 

BD1 GCS -1.316 -.260 -2.236 .029* 

Worst CT Scan 

D3/D4 vs. D1/D2 

M1/M2 vs. D1/D2 

 

4.395 

-6.297 

 

.105 

4.842 

 

.904 

-1.301 

 

.369 

.198 

Age -.007 -.004 -.031 .976 

Ethnicity 

Non-Hispanic white vs. Black 

Non-Hispanic white vs. Hispanic 

Non-Hispanic white vs. Asian 

 

-6.869 

-.690 

-1.148 

 

-.152 

-.018 

-.010 

 

-1.282 

-.142 

-.093 

 

.204 

.887 

.926 

Education -2.584 -.364 -2.866 .006 

Gender 

Male vs. Female 

 

5.993 

 

.143 

 

1.297 

 

.199 
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Note: Worst CT scan was included in the mode, but was excluded in the first step.  Ethnicity was 

dummy coded into three separate variables using Non-Hispanic Whites as a reference category.   

Gender was also dummy coded with males as the reference category.   

*p<.05, **p<.01 
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Table 15. Final Model for Predicting M-ScIP scores at 3 Months Post Injury with BD1 GCS and 

Education. 

 R
2 

Adjusted R
2 

R
2 

Change 

Step 1 .080 .067  

 B β t p 

BD1 GCS -1.422 -.282 -2.563 .012* 

Step 2 .178  .156 .098,  p =.004* 

 B β t p 

BD1 GCS -1.465 -.291 -2.775 .007* 

Education -2.228 -.313 -2.991 .004* 

*p<.05, **p<.01 
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Table 16. Initial Model for Predictors of CRD Clusters with BD1 GCS, Worst Marshall CT 

Classification, Age, Ethnicity, Education, and Gender 

 

 B S.E. Wald 

(χ
2
) 

p Odds ratio 

95% CI 

Step 1      

BD1 GCS  -.234 .086 7.349 .007** .669-.937 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

.485 

.497 

 

.659 

.776 

.613 

.541 

.411 

.736 

.462 

.522 

 

.446-5.908 

.359-7.521 

Age .053 .032 2.812 .094 .991-1.122 

Ethnicity 

Non-Hispanic White vs. Black 

Non-Hispanic White vs. 

Hispanic 

Non-Hispanic White vs. Asian 

 

-.918 

-1.071 

-21.003 

 

.684 

.778 

28414.110 

2.431 

1.801 

1.894 

.000 

.488 

.180 

.169 

.999 

 

.105-1.526 

.075-1.575 

.000 - .000 

Education -.170 .128 1.769 .183 .657-1.084 

Gender .360 .642 .314 .575 .407-5.046 

Constant 3.533     

Step 2      

BD1 GCS  -.230 .086 7.145 .008** .671-.940 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

.483 

.459 

 

.658 

.769 

.586 

.539 

.357 

.746 

.463 

.550 

 

.446-5.894 

.351-7.143 

Age .052 .032 2.734 .098 .990-1.121 
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Ethnicity 

Non-Hispanic White vs. Black 

Non-Hispanic White vs. 

Hispanic 

Non-Hispanic White vs. Asian 

 

-.880 

-1.027 

-20.841 

 

.676 

.770 

28416.862 

2.303 

1.697 

1.779 

.000 

.512 

.193 

.182 

.999 

 

.110-1.559 

.079-1.620 

.000- .000 

Education -.188 .125 2.279 .131 .648-1.058 

Constant 3.990     

Step 3      

BD1 GCS  -.215 .080 7.271 .007** .689-.943 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

.506 

.418 

 

.640 

.763 

.639 

.627 

.300 

.726 

.429 

.584 

 

.474-5.811 

.340-6.779 

Age .037 .029 1.675 .196 .981-1.098 

Education -.212 .118 3.251 .071 .642-1.019 

Constant 3.821     

Step 4      

BD1 GCS  -.196 .078 6.399 .011* .706-957 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

.562 

.491 

 

.639 

.757 

.804 

.774 

.422 

.669 

.379 

.516 

 

.502-6.130 

.371-7.201 

Education -.159 .107 2.198 .138 .691-1.053 

Constant 3.930     

Step 5      

BD1 GCS  -.181 .075 5.843 .016 .720-.966 
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Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

.426 

.621 

 

.618 

.747 

.751 

.476 

.692 

.687 

.490 

.406 

 

.456-5.143 

.431-8.037 

Constant 1.929     

Note.  *p<.05, **p<.01. 
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Table 17. Final Model for Predictors of CRD Clusters with BD1 GCS 

 

 B S.E. Wald (χ
2
) p Odds ratio 

95% CI 

Step 1      

BD1 GCS  -.164 .074 5.278 .022* .738-.976 

Constant 2.073     

Note.  *p<.05, **p<.01. 
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Table 18. Initial Model for Predictors of M-ScIP Clusters with BD1 GCS, Worst Marshall CT 

Classification, Age, Ethnicity, Education, and Gender 

 

 B S.E. Wald 

(χ
2
) 

p Odds ratio 

95% CI 

Step 1      

BD1 GCS  .120 .082 2.123 .145 .960-1.324 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

-.752 

-.418 

 

.705 

.804 

1.175 

1.139 

.270 

.556 

.286 

.603 

 

.118-1.876 

.136-3.181 

Age -.044 .030 2.146 .143 .902-1.015 

Ethnicity 

Non-Hispanic White vs. Black 

Non-Hispanic White vs. 

Hispanic 

Non-Hispanic White vs. Asian 

 

.467 

.436 

20.400 

 

.663 

.767 

28414.492 

.558 

.496 

.323 

.000 

.906 

.481 

.570 

.999 

 

.435-5.849 

.344-6.960 

.000 - .000 

Education .132 .130 1.026 .311 .884-1.472 

Gender -.794 .696 1.301 .254 .116-1.768 

Constant -.187     

Step 2      

BD1 GCS  .116 .077 2.270 .132 .966-1.306 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

-.765 

-.391 

 

.701 

.804 

1.259 

1.191 

.236 

.533 

.275 

.627 

 

.118-1.838 

.140-3.273 

Age -.038 .028 1.860 .173 .912-1.017 
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Education .160 .122 1.713 .191 .924-1.491 

Gender -.695 .692 1.010 .315 .129-1.936 

Constant -.371     

Step 3      

BD1 GCS  .105 .076 1.937 .164 .958-1.288 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

-.736 

-.341 

 

.694 

.792 

1.259 

1.124 

.185 

.544 

.289 

.667 

 

.123-1.867 

.151-3.358 

Age -.036 .027 1.696 .193 .915-1.018 

Education .188 .121 2.422 .120 .952-1.531 

Constant -1.225     

Step 4      

BD1 GCS  .086 .073 1.374 .241 .944-1.257 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

-.771 

-.403 

 

.688 

.782 

1.318 

1.256 

.265 

.517 

.262 

.607 

 

.120-1.781 

.144-3.096 

Education .133 .110 1.459 .227 .920-1.418 

Constant -1.296     

Step 5      

BD1 GCS  .076 .072 1.118 .290 .937-1.243 

Worst CT scan  

Worst CT D3/D4 vs. D1/D2 

Worst CT M1/M2 vs. D1/D2 

 

-.643 

-.475 

 

.670 

.775 

.923 

.923 

.376 

.630 

.337 

.540 

 

.141-1.953 

.136-2.839 
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Constant .304     

Note.  *p<.05, **p<.01. 
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Figures 

 

Figure 1. Scatter plot Examining the Linear Relationship between Age in Years and Education in 

Years 
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Figure 2. Distribution of Regression Standardized Residuals for Predictor Variables with 

Respective Outcome Variables CRD and M-ScIP Scores.   

 

A. Initial Model for CRD Scores: Residuals for All Predictor Variables  

 
 

 

B. Final Model for CRD Scores: Residuals for BD1 GCS   

 

 

Histogram 

Dependent Variable: CRD Score 

Histogram 

Dependent Variable: M-ScIP Score 
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C. Initial Model for M-ScIP Scores: Residuals for All Predictor Variables  

  

 
 

 

 

 

 

 

D. Final Model for M-ScIP Scores: Residuals for BD1 GCS and Education  

 

 

 

Histogram 

Dependent Variable: M-ScIP Score 

Histogram 

Dependent Variable: M-ScIP Score 
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Figure 3. Normal Probability Curves for Standardized Regressions for Predictor Variables on the 

Outcome variables, CRD and M-ScIP Scores Separately   

 

A. Initial Model for CR Scores: Normality Probability Curve with All Predictor Variables  

 

 

B. Final Model for CRD Scores: Normality Probability Curve with BD1 GCS 

 

 
 

 

C. Initial Model for M-ScIP Scores: Normality Probability Curve with all Predictor Variables  

Normal P-P Plot of Regression Standardized Residual 

Dependent Variable: M-ScIP Score 

Normal P-P Plot of Regression Standardized Residual 

Dependent Variable: CRD Score 

 

Normal P-P Plot of Regression Standardized Residual 

Dependent Variable: CRD Score 
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D. Final Model for M-ScIP Scores: Normality Probability Curve for BD1 GCS and Education  

 
 

Figure 4. Scatter plot of Standardized Residuals Against Standardized Predicted Values to 

Evaluate Homoscedasticity 

 

A. Initial Model for CRD Scores with All Predictor Variables 

 
Scatterplot 

Dependent Variable: CRD Score 

Normal P-P Plot of Regression Standardized Residual 

Dependent Variable: M-ScIP Score 
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B. Final Model for CRD Scores with BD1 GCS and Education 

 

 
 

 

 

C. Initial Model of M-ScIP Scores with All Predictor Variables 

 
Scatterplot 

Dependent Variable: M-ScIP Score 

 

Scatterplot 

Dependent Variable: CRD Score 
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D. Final Model of M-ScIP Scores with BD1 GCS and Education  

 

 
 

 

 

 

Scatterplot 

Dependent Variable: M-ScIP Score 

 


